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Abstract

Modern automatic speech recognition (ASR) systems use statistical models of spoken language.
These models are typically learned from corpora comprising many hours of transcribed speech.
While a variety of machine learning approaches have been applied to this learning task, the optimal
learning strategy is unknown. This thesis focusses upon a relatively recent and successful approach,
the application of the principle of minimum Bayes risk (MBR) to the estimation and adaptation of
acoustic models used in ASR. The aim of the research is to address issues pertaining to the theory,
implementation, understanding and performance of MBR acoustic model estimation and adaptation.

The first confronted issue is related to the optimisation of the MBR criterion function in the
context of continuous density hidden Markov models (HMMs). Iterative update formulae known
as the extended Baum-Welch (EBW) equations are generally used to estimate the parameters of
the state output distributions of such HMMs such that the MBR criterion is minimised. Previous
justifications of the EBW equations have failed to both guarantee a decrease in the MBR criterion
with each iteration and to specify a value of the learning rate constant used in these equations. In
this thesis, an auxiliary function for the MBR criterion is presented. Via this auxiliary function, the
EBW update equations are derived, and a minimum value for the learning rate constant of these
equations is calculated.

The second issue addressed by the thesis concerns the approximation of errors within the im-
plementation of MBR acoustic parameter estimation. Limitations of previously introduced error
approximation methods are explained. An alternative error approximation technique which ad-
dresses these limitations is presented. Incorporation of this novel error approximation technique
yields acoustic models which display significant classification performance improvements over mod-
els estimated via previously introduced error approximation methods.

The third issue pertains to the formulation of the MBR criterion, which may be defined us-
ing words, phonemes or other sub-word units. The phoneme-level MBR formulation is known as
the minimum phone error (MPE) criterion. Previous research has observed small improvements in
classification performance when using MPE-estimated acoustic models in place of word-level MBR-
estimated acoustic models. This effect is poorly understood. Theoretical arguments and experi-
mental evidence are presented which lend insight into this phenomenon. Additionally, alternative
sub-word MBR formulations are proposed, motivated and experimentally evaluated.

The fourth and last issue addressed by this thesis is the performance of acoustic models adapted
using unsupervised MBR-based linear regression (MBRLR) adaptation. The theory and implemen-
tation of MBRLR acoustic model adaptation is extended by incorporating confidence information
into the MBR criterion. This refinement is shown to yield significant classification performance

improvements when compared experimentally with standard unsupervised MBRLR adaptation.

xiii
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Chapter 1

Introduction

The speed and efficiency of spoken language communication make it the preferred medium
for many human to human interactions. This predilection has underpinned the introduction
of spoken language interfaces between humans and machines in a variety of domains. For
example, military fighter aircraft have deployed speech interfaces to reduce the workload
on pilots” hands (Weinstein (1991)). Using this application, a pilot is able to issue spoken
commands to, for example, adjust radio frequencies and to control cockpit display systems.
Another example of a human-machine spoken language interface is the use of speech to con-
trol a personal computer, or to dictate electronic documents. Such an interface is available
with, for example, Microsoft Vista operating system, and is crucial for users with limited
or no use of their hands.

The successful usage of a spoken language interface to a machine depends upon the
ability of the machine to understand our speech. This is the task of spoken language un-
derstanding, defined as the extraction of meaning from speech. While extremely complex
in general, given a constrained task, for example the understanding of a finite set of com-
mands relevant to the cockpit of an aircraft, spoken language understanding by a machine
is possible.

Systems with a spoken language interface typically deploy multiple components, includ-
ing an automatic speech recognition (ASR) component and a semantic interpreter. The task
of the ASR component is to translate speech into text, while the semantic interpreter is used
to extract meaning from this text. It has been found that successful usage of such interfaces
is highly dependent upon the performance of the ASR component of the system (Williams
and Young (2007)). Potentially useful spoken language interfaces remain unused due to the
unacceptably poor performance of the ASR component. This observation provides ample
motivation for the ASR research community.



1. Introduction

1.1 Automatic speech recognition

Automatic speech recognition is defined as the translation of a speech waveform into text.
If the speech utterance comprises a single word, the task is called isolated word recogni-
tion. Recognition of a sequence of words is known as continuous speech recognition. Speech
recognition tasks are additionally categorised according to the size of the vocabulary inter-
preted by the recogniser. For example, in the English language, the task of translating the
letters of the Roman alphabet has a vocabulary size of 26. Tasks with a vocabulary size
of less than approximately 500 words are classified as small vocabulary, while tasks with a
vocabulary size of over 10000 words are large vocabulary. A vocabulary size between 500
and 10000 corresponds with a medium vocabulary task.

Major progress in the field of ASR has been witnessed in the last forty years (Pallett
(2003)). Much of this progress has been based on a combination of the following contribu-
tions:

e The application of signal processing techniques to define a compact representation of
the speech waveform (Itakura and Saito (1970)).

e The introduction of statistical models of spoken language (Jelinek (1976)), and the
use of statistical pattern recognition principles to classify the acoustic signal as a word
sequence.

e The application of machine learning principles to estimate (Baum et al. (1970)) and
adapt (Woodland (2001)) such statistical models.

e The availability of corpora consisting of many hours of transcribed speech data.

e The increased speed of computers, enabling complex learning and classification algo-
rithms to be executed in shorter time intervals.

Despite this progress, the performance of ASR systems compares poorly with human speech
recognition for many tasks (Lippmann (1997)). This performance gap has provided supple-
mentary motivation for ASR to remain an active and diverse field of scientific research.

As will be explained in more detail later, the statistical models of spoken language used
in modern ASR systems can be separated into an acoustic model and a language model.
The acoustic model provides a probabilistic mapping from acoustic information to words
contained within the vocabulary of the recogniser. The language model provides prior
probabilities associated with (sequences of) in-vocabulary words. This thesis concentrates
on the problem of estimation and adaptation of the acoustic model used in modern large
vocabulary continuous ASR systems. While a variety of methods have been applied to these
tasks, the optimal strategy remains unknown. A successful and relatively recent approach
is the application of the principle of minimum Bayes risk (MBR) to the estimation and
adaptation of the acoustic model. This thesis focusses upon this method and revises and
extends recent research in this area. To help further explain the objectives of the thesis, a
brief introduction to statistical pattern classification, acoustic model estimation and acoustic
model adaptation follows.
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1.2 Pattern classification

The aim of pattern classification (or pattern recognition) is to classify data (or patterns)
into one of several predefined categories. For example, a credit card issuer attempts to
classify a potential customer as creditworthy or otherwise. In general, a pattern classifier
defines a function f : X — C where X represents the set of patterns to be classified and C
is a set of categories.

An initial stage of pattern classification is feature extraction. Feature extraction com-
putes a list of properties associated with a pattern. This list is called a feature vector.
Only these features are used in subsequent classification. For example, the age and bank
balance of a customer may be the facts used in the creditworthiness classification task.
Other facts such as hair colour and height may be disregarded. So feature extraction is a
mapping g : X — F where X is the set of patterns and F is the feature space. Given a
fixed feature extraction method, the pattern classifier is fully defined upon specification of
a function h : F — C. Clearly, the feature extraction task is intimately linked with the
overall classification task. Pertinent features for one classification task may be irrelevant
for another.

Typically some prior constraints are placed upon the function h. Such constraints often
limit the functional form or the complexity of the classifier to correspond with the designer’s
view of the form or complexity of the classification task. For example, the designer of the
previously described creditworthiness classifier may specify that a customer is classified as
creditworthy if his age is above a threshold or if his bank balance is above a second threshold.

1.2.1 Statistical pattern classification and ASR

Pattern classification can adopt many different paradigms, for example the use of decision
trees which map patterns to categories, or the use of nearest neighbour algorithms which
infer the category of unseen patterns using a memorised set of correctly classified examples.
Statistical pattern classification is another approach to the classification task.

Statistical pattern classification assumes that the generation of patterns and associated
categories is governed by a probability distribution. By constructing a statistical model of
this distribution, the classifier characterises the posterior probability distribution of cate-
gories, given the feature vector associated with a pattern. When a pattern is processed by
a statistical pattern classifier, its associated features are compared with the models of each
category. One of these categories is then selected and output by the system. The chosen
category depends upon:

e the features extracted from the pattern,
e the posterior probability of each category with respect to the statistical models, and

e the decision rule deployed by the system, i.e. the rule used to decide to which category
a pattern belongs.
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Thus the feature extraction technique, the statistical models and the decision rule define
the pattern classification function of a statistical pattern classifier.

The ASR task is an example of pattern classification. The speech waveform correspond-
ing to an utterance is a pattern and the sequence of words associated with the utterance is its
category. Modern ASR systems deploy statistical pattern classification using probabilistic
models of spoken language. The ASR pattern classification function is therefore dependent
upon these statistical models. Indeed, given a fixed feature extraction method and decision
rule, the ASR pattern classification function is wholly governed by the statistical models.
Estimation and adaptation of these models therefore directly impacts the performance of
the resulting classifier. A brief introduction to acoustic model estimation and adaptation is
now provided.

1.3 Acoustic model estimation

The acoustic model of an ASR system is typically learned (or estimated) using a set of
transcribed speech utterances known as the training data. Learning techniques deployed
to date can generally be split into two fundamentally different approaches: generative and
discriminative learning. Generative learning seeks to accurately estimate a joint probability
distribution over features (associated with patterns) and categories, given the constraints
of the chosen statistical model. The aim of discriminative learning contrasts with that of
generative learning. Discriminative acoustic model estimation seeks to estimate a classifier
which accurately classifies the training data, again given the constraints of the model.

Although generative learning methods have been successful for acoustic model estima-
tion in ASR, significant classification performance improvements have been consistently
reported when using discriminatively-learned acoustic models (Juang and Katagiri (1992),
Woodland and Povey (2002)). The minimum Bayes risk (MBR) method is an example of a
discriminative learning approach. Acoustic models estimated using the MBR technique have
not only displayed significant classification performance improvements over generatively-
estimated models, but have also yielded significant improvements over models learned using
other discriminative approaches (Povey (2003)).

The idea of MBR acoustic model estimation is to alter the acoustic model parameters
to minimise a differentiable, real-valued function (often called a criterion) which reflects
the amount of classification errors committed on the training dataset. In the context of
speech recognition, a classification error may be defined as an erroneous transcription of
an utterance. More commonly, a metric known as the word error rate (WER), introduced
later, is used to quantify the number of errors associated with a transcription. The WER
metric was deployed in the initial formulations of MBR, but a later formulation (Povey
(2003)) using a phoneme error rate metric has yielded acoustic models which display superior
classification performance.
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1.4 Acoustic model adaptation

Speaker dependent (SD) ASR systems are designed to recognise the speech of a single
speaker, the speaker used to provide training data for the system. Speaker independent
(SI) systems are designed to recognise any speaker. Given an identical amount of training
data, an SD system typically displays significantly better performance than an SI system
(Woodland (2001)). This is due to a greater mismatch between the test data and the speech
models in the case of the SI system.

SI recognition systems use techniques known collectively as speaker adaptation to reduce
this mismatch as the system encounters new speakers. A relatively small (in comparison
to the volume of data used to train the SI system) quantity of speaker data, known as
the adaptation data, is used to adapt the SI system. When the correct transcription of
the adaptation data is available the task is referred to as supervised adaptation. An un-
supervised adaptation scenario exists if the correct transcription of the adaptation data is
unavailable.

One successful approach to speaker adaptation is to adjust the acoustic model, known as
acoustic model adaptation. The principles of generative learning have been successfully ap-
plied to a range of acoustic model adaptation paradigms (Gauvain and Lee (1994), Leggetter
and Woodland (1995), Kuhn et al. (2000)). Discriminative learning methods have also been
applied to supervised acoustic model adaptation and some small classification performance
improvements over acoustic models adapted using generative learning techniques have been
reported (Povey et al. (2003b), Gunawardana and Byrne (2001)). However, relatively lit-
tle research has focussed on the application of discriminative learning to the unsupervised
acoustic model adaptation task (Gunawardana and Byrne (2001), Wang and Woodland
(2004)).

1.5 Objectives

This thesis concentrates upon the application of the discriminative MBR, technique to the
tasks of acoustic model estimation and adaptation in the context of large vocabulary con-
tinuous ASR. The primary objectives are to address outstanding issues which exist with
current theory, understanding, implementation, and performance of MBR techniques. In
this section the issues of concern are summarised and the related thesis objectives explained.

Objective 1: MBR criterion optimisation theory

As will be discussed in due course, the MBR criterion may be optimised using a set of param-
eter re-estimation formulae known as the extended Baum-Welch equations. These equations
are practically useful and there have been several justifications of their use. However, these
justifications are unsatisfactory, either because they fail to guarantee the optimisation of
the MBR criterion, or because they fail to specify the learning rate used in the parameter
update formulae. To address this issue, the first objective of the thesis is to investigate if
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an auxiliary function can be specified which both justifies the MBR extended Baum-Welch
parameter update equations and specifies the learning rate used in these equations.

Objective 2: MBR error approximation

The implementation of MBR acoustic model estimation involves approximation of errors
associated with a set of transcriptions of the training data, as will be discussed later in
the thesis. It transpires that a previously introduced approximation technique has some
associated limitations. The second objective is to investigate if an error approximation
technique can be found which addresses the limitations of the previously proposed method.
Additionally, if such a technique can be found, a secondary objective is to evaluate and
understand the impact of the novel approximation method upon the performance of the
resulting MBR-estimated acoustic models.

Objective 3: Sub-word MBR criteria

The superior performance of phoneme-level MBR-estimated acoustic models over word-
level MBR-estimated models is poorly understood. The third thesis objective is to better
understand this phenomenon. Some additional objectives arise from questions related to
the issue of understanding the superiority of the phoneme-level MBR formulation. One
supplementary objective is to investigate if use of other sub-word units is motivated when
formulating the MBR criterion. If so, a further objective is to investigate if these other
sub-word MBR-estimated acoustic models deliver improved classification performance over
word-level and phoneme-level MBR-estimated acoustic models.

Objective 4: Confidence-driven MBR acoustic model adaptation

Relatively few publications have reported classification performance gains (over the equiv-
alent generative adaptation technique) when using a discriminative acoustic model adapta-
tion technique in an unsupervised scenario. The final objective of the thesis is to discover
if the incorporation of confidence information into the unsupervised MBR-based acoustic
model adaptation technique can enhance the performance of the resulting adapted models.

1.6 Overview

Figure 1.1 represents the structure of the thesis. The boxes show the chapter numbers and
titles. The solid arrows reflect a high degree of dependency between the chapters. For
example, Chapter 5 builds on the discussion of both Chapter 3 and Chapter 4. Dashed
arrows indicate a lesser degree of dependency. For example, although the techniques used
in Chapter 6 are also used in Chapter 7, it is possible to read Chapter 7 before Chapter 6.

Chapters 2 through 4 provide background on large vocabulary continuous ASR and pre-
vious research into discriminative acoustic model estimation and adaptation. Since MBR-
based techniques are the focus of the thesis, more detail is provided upon them in Chapter
5. Chapters 6, 7 and 8 contain the main contributions of the thesis. An overview of the
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Figure 1.1: Thesis structure. Each box represents a chapter. A solid arrow indicates a high
degree of dependency between the associated chapters. A dashed arrow indicates a lesser
extent of dependency.

content of each chapter follows. Where relevant, this content is linked to the stated thesis
objectives.

Chapter 2: Fundamentals of ASR

Chapter 2 provides an introduction to the principles of statistical ASR. The feature extrac-
tion, statistical modelling, pattern classification and evaluation procedures used by modern
ASR systems are explained. Bayesian decision theory is introduced and the roles of acous-
tic and language models illustrated. The statistical ASR classification procedure is detailed
and the continuous ASR evaluation metric (the word error rate) is defined. A relatively
detailed explanation of hidden Markov models (HMM) with regard to acoustic modelling
and large vocabulary ASR systems is provided.
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Chapter 3: Discriminative acoustic model estimation

Chapter 3 compares generative and discriminative learning approaches and demonstrates
how discriminative learning is motivated with regard to acoustic model estimation in the
domain of ASR. Previously proposed discriminative acoustic model estimation techniques
are reviewed and compared, and the use of the MBR method over alternative discriminative
learning approaches is motivated.

Chapter 4: Discriminative acoustic model adaptation

Chapter 4 firstly provides the reader with a structured overview of common speaker adap-
tation techniques. While these techniques have usually incorporated a generative learning
algorithm to adapt the SI system, the success of discriminative acoustic model estimation
has prompted research into discriminative acoustic model adaptation. These discriminative
adaptation approaches are reviewed in Chapter 4. This chapter provides the background
for the work of Chapter 8, which extends current unsupervised MBR-based acoustic model
adaptation techniques.

Chapter 5: MBR theory and implementation

Chapter 5 is a detailed explanation of the theory and implementation of MBR acoustic
estimation and adaptation. As part of the theoretical discussion, Objective 1 of Section 1.5
is pursued. The techniques and approximations used in parameter optimisation are detailed,
as well as methods of improving the generalisation of the resulting acoustic models. This
chapter provides a basis for the refinements and extensions described afterwards in the
thesis.

Chapter 6: Error approximation

Objective 2, as described in Section 1.5, is the remit of Chapter 6. Previously, Chapter 5
explains how the implementation of MBR, acoustic model estimation involves calculation
of the error associated with each member of a set of word or phoneme sequences. In the
context of large vocabulary continuous speech recognition, this set is relatively large, and
exact calculation of these errors becomes prohibitively expensive. Therefore approximations
to the word or phoneme error are used in practical implementations of MBR. acoustic model
estimation and adaptation. Chapter 6 highlights some limitations of previously introduced
error approximation methods and introduces an alternative error approximation technique
which addresses these limitations.

Chapter 7: Sub-word MBR criteria

Chapter 7 concentrates on Objective 3, and its related objectives, described in Section
1.5. Theoretical arguments and further experimental evidence supporting the use of the
phoneme-level MBR formulation are presented. Analysis demonstrates that the superior
generalisation of phoneme-level MBR, over word-level MBR is attributable partly to differing
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treatment of errors related to acoustic models of silence. Additionally, novel acoustic model-
level MBR formulations are introduced, motivated and experimentally evaluated.
Chapter 8: Confidence-driven MBR acoustic model adaptation

The work presented in Chapter 8 addresses Objective 4 of Section 1.5. The theory, im-
plementation and evaluation of unsupervised confidence-driven MBR-based discriminative
speaker adaptation is presented.

Chapter 9: Conclusion

Chapter 9 summarises the main contributions of this thesis and highlights questions which
may be addressed by future research.



Chapter 2

Fundamentals of ASR

The focus of this thesis is the estimation and adaptation of the acoustic model used in ASR
systems. It is therefore crucial to understand the role of the acoustic model with regard to
the pattern classification task. The purpose of this chapter is to explain the relationships
between the feature extraction, statistical modelling and statistical pattern classification
methods used by modern ASR systems.

Not only does this chapter provide background on the operation and evaluation of the
ASR systems used in the experimental work of this thesis, but also presents information
which underpins the arguments presented later in the thesis. The assumptions included in
the acoustic model provide motivation for use of discriminative learning methods, as will be
explained in Chapter 3. Additionally, the typical parameter tying techniques used within
the acoustic model will be used in Chapter 7 to motivate alternative MBR, formulations
based upon the tied models. An appreciation of the assumptions included in the language
model provides further motivation for the use of discriminative learning in Chapter 3. In
the same chapter, knowledge of the ASR evaluation method will also be used to argue in
favour of use of MBR acoustic model estimation.

The chapter is structured as follows. A brief overview of speech feature extraction
techniques is given in Section 2.1. Statistical pattern recognition is then introduced and
related to the acoustic and language models used in the ASR task in Section 2.2. Discussion
of acoustic and language modelling is found in Sections 2.3 and 2.4 respectively. An overview
of the implementation of the ASR classification procedure is provided in Section 2.5, while
Section 2.6 defines the metric used to evaluate ASR systems.

2.1 Feature extraction

The feature extraction component of an ASR system maps the speech waveform onto a
sequence of feature vectors. This sequence of feature vectors is subsequently used to classify
the speech. This initial stage of the overall classification process is also referred to as front
end processing.

10
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To apply digital signal processing techniques to the speech waveform, the analogue wave-
form is firstly converted into a digital signal. This is done via sampling and quantisation of
the waveform. Once the digital signal has been obtained, a variety of techniques can be used
to extract features which are useful for the speech classification task. These speech analysis
techniques usually assume that the characteristics of the speech signal are stationary over
a short time period, typically of the order of 25 milliseconds. The resulting features are a
representation of the speech signal over this short time period.

Linear predictive coding (LPC) (Itakura and Saito (1970)) and cepstral analysis (Bogert
et al. (1963), Oppenheim et al. (1968)) are examples of such speech analysis techniques. The
LPC technique is based on the source-filter paradigm of speech production, which models
the speech signal as the excitation of a filter, i.e. the vocal tract, with an energy source.
The resulting signal is the convolution of the source signal with the filter function. LPC
analysis of the speech signal may be interpreted as estimation of the parameters of the
source and filter.

An alternative representation called the cepstral representation, or cepstrum, of a digital
signal is defined as the inverse discrete Fourier transform of the log magnitude of the spectral
representation. The lower-order coefficients of the cepstral feature vector represent the
filter. If a periodic excitation signal is present then this will be reflected in the higher-order
coefficients of the cepstrum. Thus a reasonably comprehensive range of cepstral coefficients
characterise both the source and filter of the speech production system.

Perceptually-motivated versions of the LPC and cepstral representations are often used
in speech recognition to emulate the response of the human auditory system to stimuli. Mel-
frequency cepstral coefficients (MFCCs) (Davis and Mermelstein (1980)) and perceptual
linear prediction coefficients (PLPs) (Hermansky (1990)) are commonly used examples of
perceptually-motivated speech representations.

MFCCs are computed in a similar manner to cepstral coefficients but with one additional
intermediate step. The frequency representation, i.e. the discrete Fourier transform of the
signal, is further filtered through a series of triangular filters distributed in accordance with
the non-linear Mel frequency scale (Stevens et al. (1937)). The log magnitude of the output
of each of these filters is then used as the input to the inverse discrete Fourier transform
to yield the MFCC representation. The Mel frequency scale approximates the mapping
between the frequency of a signal and the human auditory percept of pitch.

PLPs are an alternative version of LPC coefficients. The LPC representation can be
computed via the power spectrum i.e. the square of the magnitude of the Fourier transform
of the signal. The main difference between PLPs and LPCs is that when computing the
PLP representation, a supplementary intermediate step is conducted to filter the power
spectrum through of a set of filters similar to those used in the MFCC calculation but
distributed with respect to the non-linear Bark scale (Zwicker (1961)). Like the Mel scale,
the Bark scale approximates the mapping between frequency and the pitch percept.

A set of MFCC or PLP coefficients are therefore used to characterise the speech signal at
a particular instant in time. Generally these features are computed at time instants spaced
10 milliseconds apart. So a speech waveform of length 5 seconds will be represented as a
sequence of 500 feature vectors. It remains to explain how this sequence of feature vectors

11
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is used to classify a speech waveform as a sequence of words.

2.2 Pattern classification and ASR

Modern speech recognisers perform classification using Bayesian decision theory. This sec-
tion demonstrates how the use of this statistical pattern classification technique yields a
decision rule. In the case of the ASR classification task, the roles of the acoustic and lan-
guage models, with respect to the implementation of this decision rule, will be explained.

2.2.1 Bayesian decision theory

Bayesian decision theory is a probabilistic approach to classification which, assuming that
the posterior probability distribution of classes given feature vectors is known, guarantees
the optimal classification performance. Misclassification errors are quantified using a loss
function. Suppose that a feature vector x belongs to class cx of a set of possible classes C.
Let A(cj|cx) represent the loss associated with the action of classifying x as class ¢;. One
might define this as in Equation 2.2.1, the so-called zero-one loss function.

0 ifcj=cx

A(cjlex) = (2.2.1)

1 otherwise

Let h(x) be a classification function which maps the feature vector x onto a class. Given a
loss function, the expected misclassification error R(h) of this classification function is the
expected value of the loss, given by Equation 2.2.2.

/ A(h(x)|ex)p(x) dx (2.2.2)

In the above equation, p(x) is the probability distribution over the feature vectors. Equation
2.2.2 may be rephrased by summing over all the classes, as shown in Equation 2.2.3.

/ Z A(h(x)|ex)p(x, ¢) dx (2.2.3)
ceC

Minimisation of the expected misclassification error (referred to as the overall risk or the
expected risk) is usually the aim of classifier design. When using the zero-one loss function,
it can be shown that the classifier which minimises the expected misclassification error is
the one which selects the class of maximal posterior probability as described by Equation
2.2.4.

h(x) = argc;géaxp(dx) (2.2.4)

This decision rule is referred to as the maximum a-posteriori (MAP) decision rule.

12
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2.2.2 Bayesian decision theory and ASR

The zero-one loss function and resulting MAP decision rule are now applied to the classifi-
cation task of speech recognition. Let of represent a sequence of 1" acoustic feature vectors

corresponding to a speech utterance. A speech recogniser classifies oflp as a sequence of

words, w{v, say.

Application of the MAP decision rule directly is impossible since the class posterior
probability p(wi¥|oT) is unknown. This probability is therefore estimated using models of
spoken language. Using such models the posterior probabilities of many candidate word
sequences are estimated. The MAP decision rule is then applied using these estimates of
the class posterior probabilities. The MAP decision rule expressed in Equation 2.2.5 where
Bayes’ theorem has been used to rearrange the right hand side. The symbol 6 is used to

represent the parameters of the spoken language models.

h(ol) = argmaxp(w]|o],0)
wy

— argmaxp(o] ], O)p(w]'|6) (2.2.5)

wi¥
Equation 2.2.5 highlights two aspects of spoken language modelling. The acoustic model
provides the likelihood of the model of a specific word sequence given the acoustic data,
p(of|wl, ). The prior probability of each word sequence, p(w."|f), is given by the language
model. Sections 2.3 and 2.4 describe some standard approaches to acoustic and language
modelling respectively.

2.3 Acoustic modelling

Modern ASR systems use hidden Markov models (HMMs) (Jelinek (1976)) to model the
sequence of acoustic feature vectors extracted from the speech waveform. An HMM is a
model of a stochastic process. This process is represented as a finite set of discrete states
which obey the properties of a Markov chain. The difference between an HMM and a
Markov chain is that, in the case of an HMM, the state variable is unobservable, hence
the use of the term ‘hidden’ in the model name. However, variables related to the state,
called observations, are observable. When using HMMs to model speech, these observations
correspond to the feature vectors extracted from the speech waveform.

An HMM comprising 5 states is illustrated in Figure 2.1. Here the states are depicted as
circles. Some states (called emitting states) have an associated probability distribution, the
state output distribution, which characterises the observed data of the stochastic process.
The states labelled s2, s3 and s4 of Figure 2.1 have an associated output distribution. An
HMM has a transition matrix a;;, representing the probability of the stochastic process
moving from state 7 to state j. Transitions are represented by arrows between states in
Figure 2.1 and the probability associated with the transition is detailed beside the corre-
sponding arrows. In general, any state transition is possible, including transitions from a

13
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0.4 0.5 0.2
1.0 0.6 0.5 0.8
HMM structure — —

Observation sequence ‘ ‘ ‘ ‘ ‘ ‘

State output distributions ﬂﬂ] Hﬂ]] M]

Figure 2.1: HMM-based acoustic modelling. The states of the hidden Markov chain are
depicted as circles and the arrows indicate the permitted state tramsitions. The observed
features are modelled using output distributions associated with each state.

state to itself. However HMMs used for acoustic modelling often have a left-to-right topol-
ogy, meaning that transitions from a state s into states further to the left of s within the
HMM are assigned zero probability.

If discrete-valued feature vectors are used to represent speech, the state output probabil-
ity distributions are discrete probability distributions. If continuous-valued feature vectors
are used the state output probability distributions are continuous distributions and the
HMM is called a continuous density HMM.

An HMM makes assumptions about the stochastic process it models: the first order
Markov and conditional independence assumptions. Let the index ¢ represent time. The
first order Markov assumption states that the probability of a particular state transition
from state s;_1 to state sy, given a state history s1o...8;_1, depends only upon the previous
state s;_1, as expressed by Equation 2.3.1.

p(st|s152...8¢-1) = p(s¢|se—1) (2.3.1)

The conditional independence assumption states that the probability of an observation
0;, given a particular state history s;ss...s; and observation history 070s...0;_1, depends
only upon the state at time t and is conditionally independent of both previous states and
previous observations. The conditional independence assumption is expressed by Equation
2.3.2.

p(0¢|5182...8¢,0109...04—1) = p(0¢|s¢t) (2.3.2)

While these assumptions limit the flexibility of an HMM, they permit tractable computa-
tions of the probability of a sequence of observations. The model is therefore practical for
the purposes of model parameter estimation and the task of pattern classification.

14
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In the domain of speech recognition, distinct HMMs are used to model different speech
units. For example, a small vocabulary task such as digit recognition may use distinct
HMMs to model the acoustics of each digit in the vocabulary. In the case of large vocabulary
speech recognition, HMMs are typically used to model phonemes. A phoneme is the smallest
unit in the sound system of a language that serves to distinguish between one word and
another. Each word has at least one word to phoneme sequence mapping, specified in a
component of the acoustic model called the dictionary. Different word sequences are then
modelled by concatenating the models of the comprising phonemes to yield a composite
HMM. Figure 2.2 illustrates how the composite HMM representing the word sequence ‘HIGH
FIVE’ is constructed from individual phoneme models.

HIGH h ay

Dictionary
FIVE fay v

Phoneme sequence h ay f ay v

compase e o-C1-G-0F0 -G oo - 0 o o 11 E

Figure 2.2: Modelling word sequences with HMMs. The diagram shows the composite HMM
for the word sequence ‘HIGH FIVE’. The word sequence is firstly mapped to a phoneme
sequence using the dictionary. The phoneme sequence is then modelled by concatenating the
HMDMs representing each phoneme.

2.3.1 Coarticulation and acoustic parameter tying

Coarticulation is the effect of adjacent phonemes upon the acoustic realisation of each other.
For example, vowels often become nasalised when preceding a nasal consonant. This pho-
netic variation is typically modelled via context-dependent HMMs. Context-dependent
HMMs model the centre phoneme of a phoneme sequence. For example triphone and
pentaphone HMMs model the centre phoneme of sequences of three and five phonemes
respectively.

Attempting to model every feasible phonetic context results in a large number of model
parameters which are difficult to robustly estimate with limited training data. Clustering
procedures are therefore used to group the parameters of context-dependent models and
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Triphone context S—ow+t sh—ow+t |I-ow+d

Triphone model O—0—0_ow 2 ow 1

Physical states

Figure 2.3: Acoustic model parameter tying. Each triphone context is represented by an
HMM. Each HMM is a sequence of states. These states represent a cluster of acoustic
contexts, tied using e.g a phonetic decision tree. Those triphone contexts modelled with
identical state sequences share the same triphone model.

consequently reduce the total number of model parameters. The model states are typi-
cally clustered via some parameter-tying scheme like a phonetic decision tree (Young et al.
(1994)). Consequently, different triphone contexts may be modelled using identical model
states, and hence use identical triphone models.

In Figure 2.3, three different triphone contexts for the phoneme ‘ow’ are shown: ‘s-
ow—+t’, ‘sh-ow+t’ and ‘l-ow+d’. The notation ‘x-y+z’ represents the acoustic context of
phoneme ‘y’ when preceded by phoneme ‘x’ and followed by phoneme ‘z’.

As a consequence of state clustering, the triphone contexts ‘sh-ow-+t’ and ‘l-ow-+d’
share the same 3-state triphone HMM model, labelled ‘ow_1’, while the context ‘s-ow+t’ is
modelled by a distinct HMM model ‘ow_2’. Note however that while ‘ow_1’ and ‘ow_2’ are
distinct models, their second and third states are identical as a result of state-tying.

2.4 Language modelling

Statistical language models assign a probability p(w]’) to a sequence of words wi'. This
probability may be factorised as shown in Equation 2.4.1.

p(w{v) = p(wr)p(we|wr)p(ws|wiws)...plwy|wiws...wN—_1)
N
= Hp(wk]wlf_l) (2.4.1)
k=1

This factorisation reduces the language modelling problem to the estimation of the prob-
ability p(wk|wlf_1) of word wy, given a word history w'f_l. Due to the low frequency of
occurrence of longer word sequences, these probabilities are difficult to robustly estimate

when the word history becomes very long. One technique which addresses this difficulty is
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n-gram language modelling. The assumption used by an n-gram language model is that the
probability of the occurrence of a word wy depends only upon the value of the previous n—1
words. For example a 3-gram (or trigram) language model approximates the probability
plwi|wt™) as p(wp|wg_1, wr_2). An n-gram language models is equivalent to a Markov
chain of order n — 1, where each word in the vocabulary is represented by a unique state.

The n-gram probabilities p(wﬂw,’iii +1) are usually estimated using a corpus of text.
To gain robust estimates of high order n-gram probabilities (for example 100-grams) one
requires a very large corpus. Moreover, while high order n-grams may accurately model the
training data they are more likely to overfit this data, and an independent test corpus may
be modelled more accurately by lower order n-grams. This is an example of the tradeoff
between a model’s complexity and ability to generalise.

The issue of robust estimation of higher-order n-grams is typically tackled using tech-
niques such as smoothing and backoff, a thorough treatment of which can be found in
Manning and Schutze (1999). The language models used in the experimental work of this
thesis include unigrams, bigrams and trigrams i.e. n-grams of order one, two and three
respectively. One of the major advantages of deploying n-gram language models for ASR
is that the model can easily be integrated into the search algorithm used in classification,
as will now be explained.

2.5 ASR search algorithm

Recall that when applying the MAP decision rule to the speech classification task, the
word sequence of maximal posterior probability, as described by Equation 2.2.5, is sought.
The search procedure performs this task with respect to the language model and acoustic
model, as illustrated in Figure 2.4. Given a sequence of acoustic observations olT, the search
algorithm attempts to find the word sequence w{v which maximises the joint probability
p(oflp, w{v |#), where the acoustic and language models are represented by . Suppose that the
set of permissible word sequences is specified in the form of a word grammar (Young et al.
(2003)). This grammar can then be expanded into a network of composite HMMs using the
dictionary and acoustic models. If no grammar is specified then the search algorithm can
dynamically generate a network of composite HMMSs using the dictionary, acoustic models
and language model. The n-gram language model probabilities can be integrated into this
composite HMM as inter-word transition probabilities, expanding the network if necessary
to ensure that each network path corresponds to a unique language model context.
Rephrasing the quantity p(of,w!"|#) by summing over the set of all possible state se-
quences S of length T, gives Equation 2.5.1. Computation of this sum becomes prohibitively
expensive as the length of the observation sequence increases. Since the state sequence
which maximises the quantity p(of,w{,s?|d) tends to dominate this sum, the approxi-
mation specified in the second line of Equation 2.5.1 is usually deployed to reduce this
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Language model

‘ Acoustic mode

Feature
’\/\f — . - _— Search — |IT WAS THE BEST OF TIMES
extraction

Speech waveform Feature sequence Recognised word sequence

Figure 2.4: Qverview of ASR classification procedure. The feature extraction technique
maps the speech waveform to a sequence of feature vectors. The feature vector sequence is
subsequently classified as a sequence of words using the search algorithm. The language and
acoustic models inform the search procedure.

computational cost. This is known as the Viterbi approximation.

p(ol y W |9) = Z p(o{7w1 y 1 |9)
sTes

~ maxp(ol T wl, sT|9) (2.5.1)
sTes

The Viterbi algorithm (Viterbi (1967)) is a procedure which guarantees to find the state
sequence s{ in a composite HMM network which maximises the quantity p(o1 ,w1 )81 ]9)
Using the Viterbi approximation, the word sequence which corresponds to this state se-
quence is assumed to be the word sequence which maximises the quantity p(o{,w{v 16).
This word sequence is consequently the recognised hypothesis.

Even the Viterbi search algorithm proves computationally expensive in the context of
large vocabulary continuous ASR. A common technique used to reduce the computation
required by the Viterbi algorithm is known as beam pruning or beam search. At each time
instant, a beam search disregards (or prunes) state sequences whose likelihood falls below
a certain threshold (known as the beam width) of the most likely state sequence at that
instant. Small beam widths introduce search errors when the most likely state sequence is
discarded at some time instant.
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2.6 System evaluation

The most widely used continuous speech recognition evaluation metric is the word error
rate (WER). This is based on the Levenshtein distance metric. The Levenshtein distance
L(w},wM) is the minimum number of edit operations (insertions, deletions and substitu-
tions) required to transform the recogniser output w{v into the correct transcription 12){‘/[ .
The WER is this Levenshtein distance expressed as a percentage of the number of words in

the correct (or reference) transcription.

2.7 Summary

This chapter has provided a concise introduction to the signal processing and pattern recog-
nition techniques used in statistical ASR systems. Some commonly used representations of
the speech signal have been presented. The application of Bayesian decision theory to the
ASR classification task and the role of acoustic and language models have been explained.
A detailed explanation of HMM-based acoustic modelling and an introduction to n-gram
language modelling have been provided. An overview of the standard ASR search proce-
dure and a definition of the standard ASR evaluation metric (the word error rate) complete
this introduction. Further treatment of these topics can be found in introductory texts on
spoken language processing e.g. Huang et al. (2001).
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Chapter 3

Discriminative acoustic model
estimation

The estimation of the parameters of an acoustic model using a set of transcribed speech
utterances is known as acoustic model estimation or training. The optimal training tech-
nique is unknown. Consequently, acoustic model estimation is an active research field and a
wide variety of techniques have been applied to this task. All of these techniques are based
upon one of two fundamentally different approaches to machine learning; generative and
discriminative learning.

The purpose of this chapter is to explain the difference between generative and discrim-
inative learning and to motivate the discriminative approach to acoustic model estimation
and adaptation. In particular, the discriminative MBR technique will be introduced. Since
the main contributions of this thesis (Chapters 6, 7 and 8) are refinements and extensions
of the MBR method, use of this particular discriminative technique will be motivated.

The chapter is structured as follows. Section 3.1 explains the principles of generative
learning and highlights some theoretical problems with this approach. Section 3.2 moti-
vates the idea of discriminative learning, and contrasts the main discriminative learning
approaches which have been used within the domain of ASR. Section 3.3 summarises the
content and arguments of the chapter.

3.1 Generative learning

Let Z denote a set of training examples. Each member z of Z is of the form (x,y) where
x is a feature vector and y is the class to which x belongs. The generative learning task
is defined as the estimation of a joint probability density function p(z|Z) over the feature
vectors and classes, given the training examples Z. Used in conjunction with Bayesian
decision theory, this joint density contains all the necessary information for the task of
classification of an unlabelled test example. Thus the estimation of the joint density p(z|2)
is sufficient for the classification task.
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3. Discriminative acoustic model estimation

3.1.1 Bayesian inference

Bayesian inference (MacKay (1991)) is a general approach to the task of generative learning
of parametric models. Let 6 represent the parameters of such a model and let © denote the
set of all permitted models. Then the distribution p(z|Z) may be estimated by integrating
over the set of all permitted models, as shown in Equation 3.1.1.

p(z]Z) = /669 (2|2, 0)p(6]2)d0 (3.1.1)

For many problems, computation of the integral in Equation 3.1.1 is intractable and an
approximation known as variational Bayesian inference (Attias, H. (2000)) is often used
instead of full Bayesian inference. Due to the complexity of the acoustic models used and
the success of simpler approximate techniques, little attention has been paid to Bayesian
inference in the domain of ASR (Watanabe et al. (2003), Yu and Gales (2005)). Sim-
pler approximate techniques include maximum a-posteriori and maximum likelihood model
estimation.

3.1.2 Maximum a-posteriori model estimation

Maximum a-posteriori (MAP) model estimation can be thought of as an approximation to
Bayesian inference where the mode of the posterior distribution of model parameters is used
as an approximation to the integral of Equation 3.1.1. The assumption is that the posterior
distribution p(#|2) is sharply peaked at its mode and approximates a Dirac delta function.
This is expressed mathematically in Equations 3.1.2 and 3.1.3.

p(z|2) ~ p(z|Z,0map) (3.1.2)
bap = argmaxp(0]2)
0
= argmaxp(Z|0)p(0) (3.1.3)
0

The MAP technique has been successfully employed to estimate HMM acoustic models
for ASR (Gauvain and Lee (1994)). Additionally, MAP has proven useful for the task of
speaker adaptation, as described later in Section 4.3.1.

3.1.3 Maximum likelihood model estimation

Maximum likelihood (ML) model estimation can be seen as a simplification of the MAP
method by using an uninformative (or uniform) prior over the model parameters. The ML
parameter estimate is given by Equation 3.1.4.

Oy, = argmaxp(Z|0) (3.1.4)
0

In the case of ASR systems, ML schemes estimate the joint distribution p(ol,w{?|0) of

acoustic feature sequences of and word sequences :/ via the parameters 6 of the acoustic
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T(r)

and language models. Let o] "’ represent the sequence of feature vectors associated with

a training set utterance and let w{”(” denote the associated transcription. Suppose that
there are R such training utterances and that they are statistically independent of each
other. Then ML estimation seeks the model parameters 8y, described by Equation 3.1.5.
Note that the maximisation of the model likelihood is equivalent to maximisation of the
logarithm of the model likelihood. The logarithm is taken for convenience, to convert a

product of likelihoods to a sum of log likelihoods.

0 = argmax log p(o T AM(T 0
ML ge ; g p(o; 10)
R
= arg]gnax Zlogp(ol( M(T +Zlogp M) |0) (3.1.5)
r=1

In the case of acoustic modelling, only the first summation term in Equation 3.1.5 (i.e.
the likelihood of the acoustic model) is maximised . The second summation is maximised
in ML-based language modelling. Acoustic model estimation involves adjustment of the
parameters of the HMMSs described in Section 2.3. These parameters are the state transition
probabilities and the parameters of the output distribution of each state.

In the case of the acoustic model, the HMMs contain unobserved variables, namely the
sequence of states corresponding to a particular sequence of observations. Consequently, the
maximisation of the model likelihood is not entirely straightforward. However, an iterative
scheme known as the expectation-maximisation (EM) algorithm (Dempster et al. (1977))
can be used to find parameters which locally maximise the likelihood of the acoustic model.
With each iteration of this algorithm the model likelihood is guaranteed not to decrease.

The Baum-Welch algorithm (Baum et al. (1970)) is an instance of the EM algorithm
used for the estimation of HMM model parameters. The Baum-Welch algorithm uses a
procedure called the forward-backward algorithm to compute the probability of a particular

state s being present in the hidden state sequence 31T<") at a particular frame ¢, given an

observation sequence OIT(T) and a composite HMM representing the word sequence w{v(r)

with parameters §. This probability, p(s; = ﬂof“",@{”“%@), is called the occupancy of

state s at time t and represented by the symbol %(tm{\ﬂﬂ 0?(T),9). These occupancies
are then used to formulate the expected value of the model likelihood (the expectation
step). The model parameters are subsequently adjusted to maximise this expected value
(the maximisation step).

In the case of HMMs with continuous density Gaussian mixture output distributions,
Baum-Welch estimates of the transition probabilities, mixture weights, mixture means and
covariances are used. For the purposes of illustration, the mean and covariance of a single-
mixture Gaussian output distribution are provided here. The estimate of the mean fis of a
particular HMM state s is given by Equation 3.1.6 where o.(r) is the t-th member of the
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. T
sequence of observations o; ™),

T(r ~M(r T(r
o~ T Xt o 0)ou(r) (5.16)
s T(r ~M(r T(r T
Y th(l) Vs (¢ ( )701( ).0)

The estimate of the covariance Cy of HMM state s is given by Equation 3.1.7 where p; is
the current (non-updated) mean.

T(r ~M(r T(r
6, - TSl ol 0)or) — m)e) —p)T

T(r ~M(r T(r
DRI DA Al HEN’)

3.1.4 Problems with generative learning

Estimation of the joint density of patterns and categories p(z|Z) is appealing because it
leads to informative model estimation. However, it is not clear that this is efficient usage of
the training data. Indeed if the goal of the learning process is to construct a classifier then
it may be more efficient to directly learn the classification function which maps patterns to
classes instead of indirectly learning this function via the intermediate estimation of this
joint probability distribution.

Moreover, if the models used are incorrect, i.e. if the family of probability distributions
described by the models does not include the true data distribution, then the techniques
derived from Bayesian inference such as MAP and ML cannot estimate the correct gen-
erative distribution, even with unlimited training data. Consequently the performance of
the resulting classifier is compromised. This idea is illustrated in Figure 3.1. Here the
modelled posterior probability distributions of two classes are shown, each modelled by a
single Gaussian mixture component distribution. The true posterior distribution of class
1 is a single Gaussian, while the true posterior of class 2 is a mixture of two Gaussians.
Given unlimited training data, generative training algorithms such as ML are capable of
accurately estimating the model of the posterior distribution of class 1. However the true
distribution of class 2, depicted by the bimodal dashed curve in Figure 3.1, can only be ap-
proximated by the single mixture distribution shown by the dotted curve on the left hand
side of the figure. The ideal decision boundary of a classifier is shown, the point where the
true posterior distributions are equal. The MAP decision boundary used by the classifier
resulting from the generative model is also shown. Clearly this classifier is suboptimal since
its decision boundary deviates from the ideal decision boundary.

The assumptions included in HMMs, discussed in Section 2.3, and those included in
n-gram language models, discussed in Section 2.4, render these models incapable of captur-
ing the true posterior probability distribution of word sequences in spoken language. Thus
generative learning of HMM acoustic models may be suboptimal. This is sufficient moti-
vation to consider alternative learning techniques for the purpose of HMM acoustic model
estimation.

23



3. Discriminative acoustic model estimation

p(classl|x) True/model

— — — p(class2|x) True

“““““ p(class2|x) Model /N

Decision / \ Ideal decision X
boundary boundary

Figure 3.1: Impact of modelling assumptions on classification. The posterior probability
distributions of two classes are each modelled by a single mirture Gaussian distribution.
The true posterior distribution of class 1 is a single Gaussian. The true posterior of class 2
18 a mizture of two Gaussians, depicted by the bimodal dashed curve. This is approximated
with the single mizture distribution shown by the dotted curve on the left hand side. This
approximation leads to a decision boundary which differs from the ideal decision boundary.

3.2 Discriminative learning

Discriminative learning approaches differ from generative learning in that they directly
seek model parameters which exhibit good classification performance. The main difference
between discriminative and generative learning approaches is that discriminative learning
emphasises the accurate estimation of class decision boundaries instead of the accurate esti-
mation of the joint probability distribution of features and classes. In contrast to generative
learning, discriminative learning capitalises upon knowledge of the classification task.
Some successful classification models, for example support vector machines (SVMs)
(Vapnik (1998)), adopt a classification paradigm which fundamentally differs from Bayesian
decision theory. These models directly estimate the class decision boundaries without esti-
mation of class posterior distributions. However, these models lack several desirable proper-
ties of an HMM e.g. the capacity to elegantly model sequences of acoustic features of varying
length and the ability to naturally represent an unbounded number of word sequences. For
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these reasons, relatively little research has been conducted into the use of such discrim-
inative acoustic models for the task of speech recognition (Venkataramani et al. (2007)).
The majority of research into discriminative acoustic model estimation has maintained the
structure of the HMM and the application of Bayesian decision theory to the classification
task, while altering the HMM parameters to satisfy discriminative criteria which funda-
mentally differ from the generative ML and MAP criteria. These discriminative criteria are
introduced in this section.

3.2.1 Conditional Bayesian inference

Conditional learning differs from generative learning in that it directly estimates the dis-
tribution used in classification i.e. the posterior distribution p(y|x, Z) of classes y given
the features x and the training data Z. A general formalism of conditional learning called
conditional Bayesian inference is presented in Jebara (2002). Again, let 6 represent the pa-
rameters of a model and © represent the set of all permitted models. Then the distribution
p(y|x, Z) is estimated by integrating over all these models as shown in Equation 3.2.1.

plylx, Z) = / p(ylx. Z, 0)p(Blx, Z)db
0O

— / p(y|x,0)p(6| Z)db (3.2.1)
0O

Let X represent the set of feature vectors in the training set and let ) represent the corre-
sponding set of classes. Then Equation 3.2.1 may be rewritten in terms of the conditional
distribution p(Y|X, ), as shown in Equation 3.2.2.

p(ylx, 2) = /€€®p<y|x,e>p<e|z>de

_ < ) PIIX, 0)p(X]0)p(6)
- /eeep@\ D et

_ < 9) [P, 0)p(X)p(6)
_ /Ge@p(y‘ ,9)[ | (3.2.2)

Note that p(X|0) is identical to p(X) because, in the case of conditional learning, the model
parameters 0 are independent of the features x. The parameters characterise the conditional
distribution p(y|x) but do not characterise the distribution p(x).

Conditional MAP and conditional ML

As in the case of Bayesian inference, the integral over all considered models described by
Equation 3.2.1 is usually intractable. Approximations analagous to MAP and ML exist and
are called conditional MAP (CMAP) and conditional ML (CML) respectively. The CMAP
parameter estimate Ocnap is the mode of the bracketed term inside the integral of Equation
3.2.2, as expressed by Equation 3.2.3.

Ocvap = argénaxp(ylzl’ﬁ)pw) (3.2.3)
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The CML parameter estimate is the CMAP estimate with uninformative prior as expressed
by Equation 3.2.4.

Ocvr = argmaxp(Y|X,0) (3.2.4)
0

Both CML and CMAP have been successfully employed in the field of ASR for the purpose
of acoustic model estimation (Nadas et al. (1988), Normandin (1991), Woodland and Povey
(2002), Povey (2003)) and acoustic model adaptation (Gunawardana and Byrne (2001),
Povey et al. (2003b), Povey et al. (2003a)). Note that, in the case of acoustic model
estimation, CML is often referred to as the maximum mutual information (MMI) technique,
while CMAP corresponds to smoothed versions of MMI.

A particular example of the benefit of conditional Bayesian learning over generative
Bayesian learning is provided in Chapter 2 of Jebara (2002). In the case of speech recogni-
tion, an example of the improved robustness (to an imperfect language model) of CML over
ML acoustic model estimation is provided in Nadas et al. (1988). Since conditional learning
is not the focus of this thesis, the exploration of these examples is left to the interested
reader.

CML-estimated acoustic models offer classification improvements over ML-estimated
models, as evidenced by the results of large vocabulary conversational telephone speech
recognition experiments conducted using the Switchboard corpus (Godfrey et al. (1992))
in Woodland and Povey (2002). However the CML criterion does not explicitly attempt
to reduce the misclassification rate of the resulting classifier. Discriminative estimation
criteria which do address the misclassification error are now introduced. These criteria may
be viewed as smoothed instances of a measure known as the empirical risk.

3.2.2 Empirical risk

Section 2.2.1 introduced the loss function A(cj|cx) as a measure of the classification error
when class ¢; is assigned to a feature vector whose true class is cx. Given such a loss function
and a classification function h(x), where x is a feature vector, the expected misclassification
error of a classifier is given by Equation 2.2.2.

The expected misclassification error may be regarded as the optimal criterion for clas-
sifier design. However it is generally not useful since the joint distribution of features and
classes, p(x, ¢), is usually unknown. The empirical risk Remp(h) approximates the expected
misclassification error using a finite set of labelled training examples, as described by Equa-
tion 3.2.5.

R
Remp(h) = % SOABG)ler) (3.2.5)
r=1

In the above equation, ¢, is the correct class of feature vector x,.. Selection of a classification
function which minimises the Remp(h) is known as empirical risk minimisation (ERM).
Under certain conditions, (Vapnik (1998)) the empirical risk is shown to converge to the
expected risk as the number of training examples tends to infinity. Under more strict
conditions, the classification function which minimises the empirical risk is shown to coincide
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with the function which minimises the expected misclassification error as the number of
training examples tends to infinity.

In the context of ASR, where continuous density HMM acoustic models and Bayesian
decision theory are deployed using a discrete-valued loss function (e.g. the zero-one loss or
Levenshtein error function), it can be shown that the empirical risk is not a continuous, and
hence not a differentiable, function of the model parameters. Therefore the empirical risk
criterion is impractical when using, for example, gradient-descent optimisation techniques
to estimate the model parameters. Such problems have been addressed by the introduction
of differentiable functions which approximate the empirical risk criterion. The minimum
classification error and minimum Bayes risk criteria, presented in Sections 3.2.3 and 3.2.5
respectively, are examples of such methods.

3.2.3 Minimum classification error

The minimum classification error (MCE) criterion, formulated in Juang and Katagiri (1992),
is a smoothed version of the training set misclassification rate. The formalism uses discrim-
inant functions g;(x|#) for each class ¢; and training example x. When applied to speech
recognition (Reichl and Ruske (1995)), the discriminant functions are as defined in Equation
3.2.6, where 6 represents the model parameters.

g9i(x|0) = log p(x, c;|0) (3.2.6)

The misclassification measure d(x|0) is defined in Equation 3.2.7, where ¢; is the correct
class label and g;(x|6) is defined by Equation 3.2.8.

d(x[0) = —gi(x]6) + g:(x[6) (3.2.7)
1/n

g:(x10) =log | | Y exp(nlogp(x,c;|6)) (3.2.8)
Cj?’éci

In Equation 3.2.8, 7 is a positive constant. Small values of n increase the dominance of
classes with low discriminant function values within the misclassification measure. As 7
increases, it can be shown that g;(x|f) tends to max;; log p(x, c;]0), so g;(x|0) is referred
to as the softmax function (Bridle (1989)). Note that when the number of classes is large,
as in the case of large vocabulary ASR, Equation 3.2.8 must be approximated. Typically
an N-best list or a word lattice is used in such an approximation.

The MCE criterion, Rycg(f), is given by Equation 3.2.9 where [(d(x,|0)) is the MCE
loss function and, as beforehand, R is the number of training examples.

R
1
Ryce(0) = ; [(d(x,]0)) (3.2.9)
A typical choice of the function [ is the sigmoid, given by Equation 3.2.10.
1
(d(x,|0) = —————— (3.2.10)

- 1+ e—oed(xr|9)
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The sigmoid function is a smoothed approximation to the zero-one loss function; positive
misclassification measures (d(x,|0) > 0) result in a loss function closer to 1 while negative
misclassification measures result in a loss function closer to 0. The constant « is a positive
real number which controls the gradient of the sigmoid. In the limits of @ — oo and
n — 0o, the MCE criterion tends to the utterance-level training set misclassification rate.
MCE model estimation seeks the parameters which minimise Ryicr(f).

A comparison of the MCE and CML criteria, including a comparison of different criterion
optimisation techniques, is presented in Schluter et al. (2001). When deployed for the
purpose of a small vocabulary continuous speech recognition task using the SieTill corpus of
German digits (Eisele et al. (1996)), some small classification performance improvements are
observed when using MCE-estimated acoustic models in place of CML-estimated acoustic
models.

One theoretical issue arises when the MCE criterion is applied to the task of continuous
speech recognition. The transcription of an entire utterance, i.e. a sequence of words, is used
as the unit of classification in the MCE criterion. However, utterance-level classification is in
conflict with the standard continuous speech evaluation metric, the word error rate. When
using the WER metric, some utterance misclassifications incur a greater loss than others.
The minimum Bayes risk criterion, introduced in Section 3.2.5, addresses this conflict.
Before explaining the MBR method, maximum margin estimation is introduced and related
to the MCE technique.

3.2.4 Maximum margin estimation

The idea of maximum margin estimation is not simply to find the parameters which exhibit
the best classification performance on the training data. As illustrated by the dashed lines
in Figure 3.2, there may be many different classifiers which perfectly classify the training
examples. Maximum margin estimation not only seeks model parameters which exhibit
good classification performance on the training dataset, but also seeks those parameters
which maximise the distance between decision boundaries and training examples. The
minimum distance between the training data points and the decision boundary is called the
margin, and maximum margin estimation aims to maximise this measure. The solid line in
Figure 3.2 describes the classifier of maximum margin for the dataset shown.

The computational learning theory which underpins maximum margin estimation shows
that the generalisation of a classifier improves as the margin increases (Vapnik (1998)).
Therefore, attempts have been made to estimate the parameters of continuous density
HMMs with the maximum margin criterion (Li et al. (2005)). The maximum margin crite-
rion uses those training examples which are correctly classified. Of those correctly classified
examples, only those which have a closely competing incorrect class are selected. Let 7
denote the entire training dataset. Then the subset M of the training dataset chosen for
maximum margin estimation is given by Equation 3.2.11.

M= (xp,¢) €T :0< g, (x]0) — max g;(x]6) < e (3.2.11)

ciFcer

Here ¢, is the correct class associated with features x,., g;(x|€) is the discriminant function of
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Figure 3.2: Mazimum margin classifier. The crosses and circles represent training examples
of different classes. The dashed lines are the decision boundaries of classifiers which perfectly
classify this training data. The solid line represents the decision boundary of the mazximum
margin classifier.

Equation 3.2.6 and € is a parameter which defines how close the likelihood of the competing
class must be to the likelihood of the correct class in order to be included in set M. Then the
margin Myarg () of this set is the minimum difference between the discriminant function of
the correct class and the largest value of the discriminant function of the incorrect classes.
This is expressed by Equation 3.2.12.

Mnarg(f) = min 9e,, (Xm|0) — max g;(x,,,]0) (3.2.12)
(Xm,cm )EM ciFcm

The maximisation operation on the right hand side of Equation 3.2.12 means that Mpare(6)

is a non-differentiable function of the parameters. In a similar manner to the MCE criterion,

the maximisation is therefore replaced with the softmax function to yield the differentiable

maximum margin criterion Rypvyg(f) of Equation 3.2.13. Here g, (Xxm|6) is the function
defined in Equation 3.2.8.

Ranie(0) = min_ - (5e, (6nl0) = G (%0l0)] (3213

Maximum margin parameter estimation selects those parameters which maximise the cri-

terion Rysprp(0). In the case of HMMs with Gaussian mixture output distributions, the

quantity g, (Xm|0) — Ge,, (Xm|0) is unbounded and attempts have been made to overcome

the resulting maximisation problem. For example, normalisation of the criterion by the

correct-class discriminant function has been introduced in Lui et al. (2005) to ensure that

the criterion is bounded. More recently, to ensure that the criterion has a well-defined

maximum, some additional constraints have been placed upon the model parameters (Jiang
et al. (2006)).
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The maximum margin estimation and the MCE technique are similar, and differ only
in the way they select training examples. The MCE method deploys a summation over all
training examples and utilises a sigmoid function to de-emphasise the impact of examples
far from the decision boundary upon the criterion. The maximum margin method selects
only the correctly classified example closest to the decision boundary in the definition of
the criterion.

Maximum margin estimation of acoustic models is theoretically appealing and signifi-
cant gains over the classification performance of MCE-estimated models have been reported
(Jiang et al. (2006), Yu et al. (2008)). The first of these publications reports significant
classification gains over the performance of MCE-estimated models on both an isolated
English alphabet letter (Cole et al. (1990)) and the TIDIGITS connected digit (Leonard
(1984)) small vocabulary recognition tasks. The second publication confirms that signifi-
cant classification gains over the performance of MCE-estimated models are yielded for the
TIDIGITS task, and also that maximum-margin-estimated models yield significant classi-
fication performance gains over MCE-estimated models for a large vocabulary telephone
speech transcription task using a Microsoft-internal speech database.

Despite this encouraging progress, there remain several arguments against the use of
the maximum margin criterion. Firstly, it may be argued that the reduction of the training
examples to only those in set M is inefficient usage of the data. Secondly, and similarly
to the objection raised to MCE training in Section 3.2.3, the WER evaluation criterion
is disregarded. When using MCE or maximum margin estimation, all misclassifications
are treated equally for the purpose of model estimation but not for the purpose of model
evaluation. The first limitation is addressed somewhat by the large-margin-based estimation
criteria introduced in Li et al. (2006) and Yu et al. (2008), where misclassified training
examples contribute to modified margin-based criteria.

3.2.5 Minimum Bayes risk

As introduced in Section 2.6, the standard evaluation metric for an ASR system is the word
error rate, based upon the Levenshtein distance between the correct word sequence and the
recognised hypothesis output by the system. The MBR criterion (also referred to as the
overall risk criterion), introduced in Kaiser et al. (2002), incorporates the evaluation metric
into its definition, given by Equation 3.2.14.

Raigr (0 Z > plw) e, 0)L(wl ") (3.2.14)
rT= 1UJN€W

The set W comprises all possible word transcriptions of the training utterance x,., w{”(’“)

is the correct transcription of x, and L(w{’ ,u?iw(r)) is the Levenshtein distance between
the correct transcription and hypothesis wi¥. The set W is called the hypothesis space.

The criterion may be interpreted as the empirical risk of the recogniser described by the
classification function h(x|6) using the loss function )\MBR(h(X|9)|ZDiM(T)) given by Equation
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3.2.15.
Mg (h(xe]0) o) = 37 plw] [, ) L(w], ") (3.2.15)

w{VEW

Minimisation of the MBR criterion, Rypr(6), is motivated by observing that this ex-
plicitly attempts to reduce misclassifications of the training data, unlike the CML criterion
introduced in Section 3.2.1. Moreover, unlike the MCE and maximum margin criteria,
which use an utterance-level misclassification measure, the MBR criterion uses the Leven-
shtein evaluation metric to quantify misclassifications. Thus there is no conflict between
the criteria used to estimate and evaluate models.

There are several publications which compare the classification performance of MBR-
estimated acoustic models with other discriminatively-estimated acoustic models. Consis-
tent evidence of the superiority of MBR-estimated acoustic models over CML-estimated
acoustic models for large vocabulary recognition tasks (broadcast news and Switchboard
telephone conversations) is presented in Povey (2003) and Doumpiotis and Byrne (2004).
In Macherey et al. (2005), no significant difference in classification performance is found
between MCE and MBR-estimated acoustic models, where the performance of the models
is compared for the Wall Street Journal large vocabulary speech recognition task.

Minimum phone error

One of the main objectives of this thesis (Chapter 7) involves the investigation of sub-word
formulations of the MBR criterion. The minimum phone error criterion (MPE), introduced
in Povey (2003), is an example of one such formulation which has been the focus of much
attention in the field of acoustic model estimation. The MPE criterion differs from the word-
level MBR criterion introduced above in only one way; it uses a loss function corresponding
to phoneme-level misclassification errors instead of word-level misclassification errors. This
alternative loss function A\vipg(h(x|0)[1w}!) is given by Equation 3.2.16, where @} is the
correct phoneme-level transcription! of the acoustic features x, P is the set of all phoneme-

level transcriptions of x and L(w}, @) is the Levenshtein distance between the correct

transcription and the hypothesis w?".

Mipe(h(x|0)[@") = Y plwdx, 0)Lw), o) (3.2.16)

w{VGP

Experimental results in Povey (2003) have reported that the MPE criterion yields acoustic
models which display superior classification performance (on the Switchboard telephone
conversation transcription task) to models estimated with the word-level MBR criterion.
While this is reported purely as an observation, there exists some theoretical justification in
favour of use of the MPE criterion over the word-level MBR, criterion. This justification is
presented in Chapter 7, as well as further arguments in favour of alternative formulations of
the MBR criterion which incorporate knowledge of more detailed acoustic modelling errors.

Note that multiple correct phoneme-level transcriptions might exist corresponding to alternative word
pronunciations. This issue is handled in Povey (2003).
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3.3 Summary

This chapter has provided an overview of different model estimation paradigms. The use of
discriminative learning with regard to acoustic model estimation has been motivated. The
major discriminative acoustic model estimation techniques which have been employed to
date have been introduced. While performance gains over standard ML-estimated models
are reported for all of these discriminative training techniques, there is strong experimen-
tal evidence that MBR-estimated acoustic models exhibit superior performance to CML-
estimated models for large vocabulary speech recognition tasks. Research into discrimina-
tive acoustic model estimation is ongoing and the optimal technique remains unknown. In
the context of continuous speech recognition, use of the Levenshtein error metric to quantify
misclassifications provides theoretical motivation for the use of the MBR, method instead
of MCE or maximum margin estimation.

The next chapter introduces the field of speaker adaptation and explains how discrimi-
native learning approaches are motivated with regard to the speaker adaptation task. Sub-
sequently, Chapter 5 details the implementation of MBR acoustic model estimation and
adaptation. This provides the background for the main contributions of the thesis, detailed
in subsequent chapters.
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Chapter 4

Discriminative acoustic model
adaptation

Chapter 3 has justified the use of discriminative learning for the task of acoustic model
estimation in ASR systems. In this chapter, the goal of speaker adaptation is explained,
previously introduced techniques designed to accomplish this goal are presented, the use of
discriminative learning is motivated for this task, and previous work in this field is reviewed.

This chapter provides the background for the work presented in Chapter 8, which re-
fines current unsupervised MBR-based acoustic model adaptation techniques to incorporate
confidence information. In particular, the linear regression framework for acoustic model
adaptation used in the experimental work of Chapter 8 is justified by comparing it with
other approaches to the speaker adaptation task. Since generative (maximum likelihood)
and discriminative (minimum Bayes risk) linear regression are compared experimentally in
Chapter 8, these approaches are introduced in detail.

The chapter is structured as follows. Firstly, the speaker and environment adaptation
tasks are introduced in Section 4.1. Feature-based adaptation is summarised in Section 4.2.
A more detailed discussion of model-based adaptation is given in Section 4.3 to motivate
the linear regression model adaptation framework used in the experimental work of this
thesis. Discriminative model adaptation is introduced in Section 4.4, which also reviews
previous work in this particular field. Section 4.5 provides a concluding discussion.

4.1 Speaker and environment adaptation

4.1.1 Speaker adaptation

Speaker dependent (SD) ASR systems are designed to recognise the speaker used to train
the system. In contrast, speaker independent (SI) systems are designed to recognise any
speaker. Given the same amount of training data, an SD system typically displays signifi-
cantly better performance than an SI system (Woodland (2001)). This is due to a greater
mismatch between the test data and the speech models in the case of the SI system. This
mismatch is due to physiological and linguistic differences between speakers. Physiological
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characteristics of a speaker include gender, age, health and vocal tract length and shape.
Linguistic characteristics include dialect, accent, intonation, loudness and speaking rate.

Speaker adaptation is a set of techniques used by SI recognition systems to alter the sys-
tem behaviour as it encounters new speakers or environmental conditions. If a large amount
of speaker data is available (i.e. an amount comparable to the volume of data used to train
the SI system), then standard model estimation techniques can be used to estimate an SD
system using this data. However, such large quantities of data are often unavailable and the
adaptation procedure must capitalise upon knowledge of both the SI system and a relatively
small amount of speaker data, called the adaptation data, to estimate a speaker-adapted
system. The adaptation procedure generally attempts to reduce the mismatch between the
test data and the speech models. When the correct transcription of the adaptation data is
available the task is referred to as supervised adaptation. Unsupervised adaptation adapts
the system without knowledge of the correct transcription of the adaptation data.

4.1.2 Environment adaptation

Environment-independent ASR systems are designed to operate in changing acoustic en-
vironments. It should be noted that some of the techniques developed for the purpose of
speaker adaptation can also be used to adapt such systems to reduce the level of mismatch
between the models and the test data. This mismatch may be due to changing background
noise conditions (e.g. car engine or office noise) or the effect of different acoustic channels
(e.g. a microphone or a telephone line) upon the data.

As explained in Section 2.2, speech models comprise both language and acoustic mod-
els. Some attention has been paid to the task of language model adaptation (Gotoh and
Renals (2000), Kuhn and De Mori (1990), Lau et al. (1993)), but the majority of research
into speaker adaptation has focussed on acoustic adaptation. A diverse range of acoustic
adaptation methods have been previously introduced. These techniques can be broadly
categorized as as either feature-based or model-based adaptation, as will now be explained.

4.2 Feature-based adaptation

Feature-based speaker adaptation, also referred to as feature normalisation, reduces inter-
speaker, or inter-environment, acoustic variability purely via the adjustment of acoustic
features. Vocal tract length normalization (VTLN) (Lee and Rose (1996)) is an example
of a feature normalisation method. The VTLN method attempts to neutralise the effect
of differing vocal tract lengths amongst training and test-set speakers via application of
a scalar ‘warp factor’ to alter the centre frequencies of the filterbanks used in calculation
of MFCC or PLP coefficients (see Section 2.1). This warp factor is chosen such that the
likelihood of the models corresponding to the speaker data is maximised. Application of the
appropriate warp factors to both the training and test data reduces the variability caused by
vocal tract length differences and consequently reduces the mismatch between the estimated
SI models and the test data.
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Cepstral mean normalisation (CMN) (Atal (1974)) is another feature normalisation
technique, used to compensate for different acoustic channel conditions. Using the CMN
technique, the mean of a set of cepstral features associated with a particular channel (e.g.
a particular microphone) is subtracted from each cepstral feature vector in the set. This
subtraction removes, to some extent, the channel-specific properties of the cepstral speech
representation. Similarly, cepstral variance normalisation (CVN) is often used in conjunc-
tion with CMN to reduce variance introduced by acoustic channel conditions.

The feature normalisation techniques described above have proved successful for tasks
which involve adaptation to acoustic channels or speaker gender. They are often used in
conjunction with model-based adaptation techniques.

4.3 Model-based adaptation

Model-based adaptation schemes use the adaptation data to re-estimate the parameters
of the SI models, yielding an adapted system for recognition of a particular speaker or
environment. Some successful methods include maximum a posteriori (MAP) estimation,
maximum likelihood linear regression (MLLR) and speaker adaptive training (SAT), intro-
duced in Gauvain and Lee (1994), Leggetter and Woodland (1995) and Anastasakos et al.
(1996) respectively. These techniques prove useful for a reasonable volume of adaptation
data, i.e. over 10 seconds of speaker or environment-specific speech. Experiments with small
volumes of adaptation data in Leggetter and Woodland (1995) show that MLLR can be
useful when using an average of approximately 11 seconds of speech per speaker. However,
when using adaptation data volumes of the order of 2 or 3 seconds of speech, some alterna-
tive approaches to speaker adaptation are more successful. These approaches, sometimes
called speaker clustering (Woodland (2001)) or speaker space (Kuhn et al. (2000)) meth-
ods, are introduced in Section 4.3.4. The MAP, MLLR and SAT techniques are discussed
in Sections 4.3.1, 4.3.2 and 4.3.3 respectively.

4.3.1 MAP adaptation

Maximum a-posteriori (MAP) model estimation was introduced in Section 3.1.2. This
theory was applied to the task of acoustic model adaptation in Gauvain and Lee (1994).
The MAP estimate maximises the posterior probability of the model parameters 6, given
the adaptation data of and its associated transcription @}?. This is expressed in Equation
4.3.1.

Ovpap = arg(gnaxp(@\olT, 12){‘/[)

= argénaxp(O? @1"(0)p(6) (4.3.1)

Note that in Equation 4.3.1, Bayes’ rule has been used to reorganise the probabilities and
the denominator p(olT,w{VI ) is discarded as it is independent of the model parameters 6.

In Gauvain and Lee (1994), the form of the prior distribution p(#) is specified for HMM
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acoustic model parameters and the EM algorithm is applied to derive iterative parameter
update equations.

Unlike maximum likelihood (ML) estimation, MAP estimation provides reliable model
estimates with only a small amount of training data by incorporating knowledge of the
prior distribution of model parameters into the estimation procedure. Such robustness
with small amounts of data renders MAP estimation suitable for the speaker adaptation
task. In Gauvain and Lee (1994), MAP-estimated SD models are shown to yield superior
performance to ML-estimated SD models for the resource management medium vocabulary
speech recognition task (Price et al. (1988)) for volumes of adaptation data less than 30
minutes.

One criticism of MAP adaptation is that the adaptation process is slow, i.e. it requires
a relatively large amount of adaptation data to become effective. This is because only the
model parameters corresponding to the adaptation data are re-estimated. Several meth-
ods have been proposed to overcome this limitation, notably predictive model adaptation
(Cox (1995), Ahadi and Woodland (1997)) and structural MAP (SMAP) (Shinoda and
Lee (2001)). These extensions to MAP expedite the adaptation process via knowledge of
the relationships between the parameters of the acoustic model. These relationships are
then used to adapt parameters which have a relatively low volume of associated adaptation
data, thus accelerating the adaptation process. Similar to these extensions to MAP adap-
tation, linear regression speaker adaptation exploits knowledge of the relationships between
acoustic model parameters. Since linear regression delivers superior performance with lower
volumes of adaptation data, it is the technique chosen for the experimental work of this
thesis, and a relatively detailed introduction to this method is now presented.

4.3.2 Maximum likelihood linear regression

Linear regression speaker adaptation (Leggetter and Woodland (1995)) uses adaptation
data from a speaker to estimate one or more affine transforms of the speaker independent
acoustic model parameters. In the case of continuous density HMMs with Gaussian mixture
state output distributions of dimension n, the mean of a SI Gaussian mixture component
Ws is transformed according to Equation 4.3.2.

fs = Aps +b =WE; (4.3.2)
The symbol fis represents the adapted mean, W = [ b A |, & is the extended mean

vector [ 1 p) ]T, A is an n x n matrix and b is an n-dimensional vector called the bias.
The affine transform described above is typically shared across many mixture com-
ponents. This parameter-tying is implemented via a regression class tree (Leggetter and
Woodland (1995), Young et al. (2003)). This structure groups the mixture components of
the ASR system into hierarchically-defined clusters called regression classes as illustrated in
Figure 4.1. Each node in the tree defines a regression class. Each mixture component in the
system belongs to one and only one leaf node of the tree. These leaf nodes are called base
regression classes. The leaf nodes are then tied together at parent nodes to define higher-
level regression classes which comprise all of the components specified in their descendant
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Figure 4.1: Regression class tree. Squares represent base regression classes and circles denote
higher-level regression classes. Dashed borders indicate regression classes whose associated
data is insufficient for robust transform estimation.

leaf nodes. The root node of the regression class tree therefore denotes a regression class
which comprises all of the mixture components in the system.

In addition to defining how parameters are tied, the regression class tree is used to
ensure that the generated transforms correspond to the volume and nature of the available
adaptation data. This is done by specifying an occupancy threshold. The volume of adap-
tation data associated with the components of the regression class, i.e. the sum (over all
time frames of adaptation data) of the occupancies of each of the components associated
with the regression class, must exceed this occupancy threshold before a transform is gen-
erated for the regression class. An individual component is adapted using the transform
corresponding to the parent regression class lowest in the regression class tree hierarchy for
which the occupancy threshold is exceeded.

In Figure 4.1, nodes with dotted borders represent regression classes with insufficient oc-
cupancy. Components belonging to base class 4 are transformed according to the transform
generated at node 2, and components belonging to base classes 6 and 7 are transformed ac-
cording to the transform generated at the root node 1. Unlike MAP adaptation, components
can be adapted if they have little or no associated adaptation data, provided their regres-
sion class as a whole has enough associated data. This renders linear regression adaptation
superior to MAP adaptation at lower volumes of adaptation data. In the experimental
comparison of the methods discussed in Chapter 9 of Huang et al. (2001), acoustic models
adapted using linear regression yield superior performance to MAP-adapted models when
the adaptation data comprises less than 400 utterances. The task used for the evaluation
is a 60000-word dictated speech recognition application.

In the case of maximum likelihood linear regression (MLLR), transforms are chosen
to maximise the likelihood of the models corresponding to the adaptation data. The re-
estimation equation for the mean transform is derived using the expectation-maximisation
framework in Leggetter and Woodland (1995). The transform estimate W for the mean of
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component s is shown to obey Equation 4.3.3.

S ChlmWeneh = Y CTLEL (4.3.3)

meR(s) meR(s)

The set R(s) comprises all mixture components m in the same regression class as component
s, &mn is the extended mean of component m and C,, is the covariance of component m. The
quantity -, is the overall (summed over all training examples r and frames ¢) occupancy
of component m, given by Equation 4.3.4.

R T(r)

Y = 3> Aty " 01" 0) (4.3.4)

r=1 t=1

The quantity T';, is defined by Equation 4.3.5, where o.(r) is the t-th feature vector in the
sequence oflp(r).
R T(r)

=3 )", 0" 0)0u(r) (4.3.5)

r=1 t=1

Under the additional assumption that mixture distributions are modelled with diagonal
covariances, it is shown in Leggetter and Woodland (1995) that the i-th row of the mean
transform W is given by W@ in Equation 4.3.6.

W = g0k (4.3.6)

The quantities G and k) are given by Equations 4.3.7 and 4.3.8 respectively.

i 1 T
G() = Z W’Vmém&m (4'3'7)
meR(s) M
i L 6y
KO = > a5 ém (4.3.8)
meR(s) Om

In the above equations, a%i) is the variance of the i-th dimension of component m, u,(fl} is

the i-th dimension of the mean of component m, and Fg@) is the i-th dimension of vector
I'),. In this section, only the theory of MLLR mean transformation has been presented.
It should be noted that an extension of the MLLR formalism for transforming component
covariances is presented in Gales and Woodland (1996). It should also be noted that the
optimal technique for defining the regression class tree structure is unknown and some
research in this area has been conducted (Gales (1996), Mandal et al. (2006)). However,
grouping components whose means are close to each other in acoustic space is a simple and
successful method (Leggetter and Woodland (1995)) and is therefore the technique used in
the work of this thesis (Chapter 8).
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4.3.3 Speaker Adaptive Training

The idea behind speaker adaptive training (SAT, Anastasakos et al. (1996)) is to decouple
inter-speaker variance and phonetic variance when estimating an SI acoustic model. The
SAT framework simultaneously estimates sets of speaker-dependent affine transforms of the
acoustic models using MLLR (one set of transforms for each speaker in the training set)
and a speaker independent ‘canonical’ model. The parameters of the canonical model are
estimated with the speaker transforms applied to the model. These transforms account for
much of the inter-speaker acoustic variance and consequently the canonical model displays
less variance than a standard SI system. During recognition the canonical model is adapted
to test speakers using MLLR. In Anastasakos et al. (1996), the SAT technique is evaluated on
Wall Street Journal large vocabulary transcription tasks and yields significant classification
performance improvements over standard MLLR.

4.3.4 Speaker space adaptation

The MAP and MLLR techniques do not explicitly use knowledge of how SD models are
distributed in relation to each other. Adaptation approaches which take advantage of this
knowledge are collectively called speaker space adaptation methods (Kuhn et al. (2000)).
Speaker space adaptation involves positioning a new speaker in a low-dimensional model
space and subsequently inferring the parameters of the high-dimensional SD model from
this estimated position in the low-dimensional space. Gender-dependent modelling with
a pre-recognition step which estimates the speaker gender is a simple example of speaker
space adaptation. More complex speaker space methods include cluster adaptive training
(CAT) (Gales (2000)) and eigenvoices (Kuhn et al. (2000)).

Both CAT and eigenvoices use the idea of basis models. In the case of CAT, each
basis model represents a cluster of speakers. In the case of eigenvoices, the basis models
represent the principal components of inter-speaker variability. Once the basis models have
been estimated, they are used to represent a speaker space, in the sense that all new speakers
adopt models which are a linear combination of the basis models. Equation 4.3.9 represents
the CAT estimation of the mean of a particular Gaussian mixture component m of a new
speaker model as a weighted sum of the basis model means, ,ugi). The adaptation process
involves only the estimation of a small number of weights Ax. Typically only the mean
parameters are adapted when using CAT or eigenvoices.

B = Y Ay (4.3.9)
k

With small quantities of adaptation data, CAT and eigenvoices display superior performance
to MLLR due to the small amount of parameters involved in the adaptation process. In
Gales (2000), for an internal IBM dictation task, it is found that CAT displays superior
performance to MLLR when the number of adaptation utterances is less than 10. In Kuhn
et al. (2000), for the ISOLET isolated letter recognition task (Cole et al. (1990)), the
eigenvoice adaptation technique delivers superior performance to MLLR when the number
of adaptation letters is less than 20.
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4.3.5 Summary

Several different model adaptation techniques have now been presented. The effectiveness
of each technique depends upon the amount of adaptation data available. MAP adaptation
is the most flexible technique, in the sense that it uses no parameter tying, and consequently
has the largest number of free parameters of all the adaptation techniques described. With
the availability of a large amount of supervised adaptation data, MAP provides the best
performance of the adaptation methods discussed. Given lower volumes of adaptation
data, the parameter-tying mechanism used by MLLR adaptation becomes useful, and the
performance of MLLR-adapted models is superior to that of MAP-adapted models. Given a
very low volume of adaptation data, the number of free parameters associated with MLLR
is too large, and the technique may overfit the adaptation data. Speaker space adaptation
schemes are usually constrained to have fewer free parameters than MLLR. Since a small
number of parameters can be robustly estimated with a small quantity of data, speaker
space adaptation methods are more effective than MLLR with such amounts of adaptation
data.

In the adaptation tasks described in Chapter 8, the volume of adaptation data is such
that linear regression adaptation is the preferred technique. Therefore, the theoretical
and experimental work of this thesis focusses on the use of linear regression adaptation.
In particular, the use of discriminative learning in combination with linear regression is
explored. The use of discriminative learning with regard to acoustic model adaptation in
general is now introduced.

4.4 Discriminative speaker adaptation

The successful application of discriminative learning methods to the acoustic model esti-
mation task, described in Chapter 3, has prompted interest in their application to acous-
tic model adaptation. The arguments presented in Chapter 3 in favour of discriminative
learning for acoustic model estimation hold also for the case of acoustic model adaptation.
Consequently, several of the discriminative approaches described in Chapter 3 have been
applied to the model adaptation schemes described in Section 4.3. While some success
has been reported when using discriminative approaches for the task of supervised acoustic
model adaptation, there have been notably fewer reports of success in the unsupervised sce-
nario. Therefore Chapter 8 concentrates upon unsupervised discriminative acoustic model
adaptation. As stated beforehand, linear regression provides the most suitable adaptation
framework, so focus is given to the application of discriminative learning to unsupervised
linear regression adaptation. A review of previous work in the field of discriminative acoustic
model adaptation is now presented.
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4.4.1 Previous work

When initially proposed, the model adaptation methods described in Section 4.3 used gener-
ative learning techniques (either MAP or ML) to estimate their governing parameters. Us-
ing MAP or ML criteria, the acoustic model is adapted in such a way that the a-posteriori
probability or likelihood of the acoustic models corresponding to the adaptation data is
maximised. Discriminative acoustic model adaptation alters the acoustic models such that
a discriminative criterion is optimised.

Discriminative versions of MAP (Povey et al. (2003a), Povey et al. (2003b)), linear
regression (Gunawardana and Byrne (2001), Wu and Huo (2002), Wang and Woodland
(2004)), speaker adaptive training (Tsakalidis et al. (2002), Wang and Woodland (2002))
and speaker space adaptation (Yu and Gales (2006)) have been previously proposed.

Discriminative MAP adaptation involves optimisation of a smoothed discriminative cri-
terion. A prior distribution over the acoustic model parameters is added to the discrimina-
tive criterion to construct this smoothed criterion. An example of such a prior distribution
is used in a method called I-smoothing, introduced in Section 5.2.4. Results reported in
Povey et al. (2003b) show that use of the smoothed conditional ML (CML) criterion con-
sistently yields a lower WER than standard MAP adaptation for the task of supervised
adaptation of Switchboard-trained (Godfrey et al. (1992)) acoustic models to the Voicemail
task (Padmanabhan et al. (1997)).

A discriminative version of SAT, where the CML criterion function is optimised instead
of the ML criterion function, is introduced in Tsakalidis et al. (2002). Consistent WER,
improvements over ML-based SAT on Switchboard conversational speech recognition tasks
(Godfrey et al. (1992)) are reported. In Wang and Woodland (2002), a version of SAT which
replaces the ML criterion with the MPE criterion is presented. Some comparisons are made
between CML-based SAT and MPE-based SAT for Switchboard speech recognition tasks,
but the reported results show no significant performance difference between the techniques.

In the case of speaker space adaptation, a discriminative version of CAT employing the
MPE criterion (Yu and Gales (2006)) has delivered significant classification performance
improvement over ML-based CAT. This technique is also evaluated using Switchboard large
vocabulary speech recognition tasks.

Note that all of the previous work discussed so far (discriminative MAP, SAT and CAT)
has reported no results for the performance of the adaptation techniques in the unsupervised
scenario. However, in the case of discriminative linear regression, some attempts have been
made to apply the technique to the unsupervised task.

Discriminative linear regression

Discriminative linear regression adaptation deploys the linear regression adaptation frame-
work described in Section 4.3.2. The difference between MLLR and discriminative linear
regression is that the estimated affine transforms are chosen to optimise a discriminative
criterion instead of the likelihood function. Discriminative LR variants corresponding to the
CML criterion (Gunawardana and Byrne (2001)), the MCE criterion (Wu and Huo (2002))
and the MPE criterion (Wang and Woodland (2004)) have been introduced.
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In Gunawardana (2001), the CML criterion is used to estimate the affine transforms of
the linear regression speaker adaptation framework. This technique is called conditional
MLLR (CMLLR). A comparison between CMLLR and MLLR is presented for a large vo-
cabulary Switchboard speech recognition task in Gunawardana and Byrne (2001). The
CMLLR method provides some small classification performance improvements over MLLR
in the case of supervised adaptation. In the unsupervised case, when CMLLR is used after
MLLR adaptation, small performance improvements over MLLR, are recorded.

In Wu and Huo (2002) and He and Wu (2003), the MCE criterion is deployed within
the linear regression adaptation framework. The resulting technique is called MCE linear
regression (MCELR). In the experimental work of Wu and Huo (2002), supervised MCELR
is compared with MLLR and shown to yield classification performance improvements for
a syllable recognition task in Mandarin Chinese (Zu et al. (1996), Zu (1997)). However
it should be noted that the MCELR systems use a greater number of transforms. It is
therefore unclear whether this is a fair comparison. In He and Wu (2003), the performance
of supervised MLLR and MCELR are compared for a Wall Street Journal transcription
task, but again different node occupancies and therefore potentially a different number of
transforms are used in each case.

In the experimental work of this thesis, some care is taken to ensure discriminative linear
transforms use the same complexity control mechanism as MLLR transforms to achieve a
fair comparison between the techniques. More details of complexity control in the case of
discriminative linear regression are provided in Section 5.3.2.

In the case of minimum Bayes risk linear regression (MBRLR), the affine transforms
are chosen to minimise the Bayes risk criterion. In Wang and Woodland (2004), MLLR
and MBRLR are compared for the large vocabulary Switchboard and Wall Street Journal
recognition tasks. Some small classification performance improvements are reported over
MLLR in both the supervised and unsupervised MBRLR, scenarios. It should be noted that
the MPE formulation of the MBR criterion is used and that the MPE criterion is smoothed
using a version of I-smoothing suitable for linear regression adaptation. Since the MBRLR
technique is extended in Chapter 8, more details of the theory and implementation of
MBRLR transform estimation, including the I-smoothing technique, are provided in Section
5.3.

4.5 Summary

This chapter has explained how acoustic model adaptation is used to improve the perfor-
mance of speaker independent ASR systems. An overview of commonly used adaptation
techniques has been provided. These techniques, when originally proposed, typically used
generative learning principles to estimate their governing parameters. Discriminative ver-
sions of these adaptation methods select parameters which optimise a discriminative crite-
rion. While some performance improvement has been reported when using discriminative
speaker adaptation in a supervised scenario, very little significant performance improve-
ment has been witnessed when the task is unsupervised. The work presented in Chapter
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8 embraces the challenge of unsupervised discriminative acoustic model adaptation within
the linear regression framework. Previous research into unsupervised MBRLR, summarised
in this chapter, is extended by incorporating confidence information into the Bayes risk
criterion.

43



Chapter 5

MBR theory and implementation

Previous chapters have motivated the use of MBR estimation and adaptation of acoustic
models. The remainder of the thesis concentrates upon the application of the MBR. tech-
nique to these tasks in the context of large vocabulary continuous ASR. The theory and
implementation of MBR estimation and adaptation of HMM parameters are reviewed in
this chapter.

The chapter is structured as follows. Section 5.1 reviews previous theoretical work on
the minimisation of the MBR criterion and pursues Objective 1 of Section 1.5 by defining
an auxiliary function to the MBR criterion. In Section 5.2, the implementation details of
this optimisation procedure are explained in the context of large vocabulary continuous
ASR systems. The theory and implementation of MBR linear regression adaptation are
presented in Section 5.3. A summary of the arguments presented in the chapter is found in
Section 5.4.

Note that Sections 5.2 and 5.3 discuss the approximations used in parameter optimi-
sation as well as methods of improving the generalisation of the resulting acoustic mod-
els. Subsequent chapters will introduce alternative approximations and formulations of the
MBR criterion. This chapter therefore provides a basis for the discussion of refinements
and extensions introduced afterwards in the thesis.

5.1 MBR criterion optimisation

The MBR criterion has been introduced in Section 3.2.5 and the criterion is given by
Equation 3.2.14. Adjustment of the acoustic model parameters such that the MBR criterion
is minimised is generally performed by iterative updates of the model parameters. These
updates are given by a set of equations known as the extended Baum-Welch (EBW) update
formulae. Different versions of the EBW formulae have been introduced, corresponding to
the CML, MCE and MBR criteria.

There have been several different justifications of the EBW update equations for contin-
uous density HMMs. These justifications are briefly described in Sections 5.1.1, 5.1.2 and
5.1.3. As mentioned in relation to Objective 1 of the thesis in Section 1.5, these justifications
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of the EBW update formulae either fail to guarantee the optimisation of the MBR criterion
or fail to specify the learning rate D used in the EBW update formulae (see Equations
5.1.2 and 5.1.3). To address Objective 1 of the thesis, an auxiliary function for the MBR
criterion is introduced in Section 5.1.4. As a by-product of the derivation of this auxiliary
function, a theoretical value for the learning rate D is prescribed.

5.1.1 Discrete approximation of a continuous distribution

MBR estimation of discrete density HMM parameters was introduced in Na et al. (1995). A
gradient descent technique called reduced gradient descent, applicable to parameters with
constraints such as discrete probabilities, was used to estimate the model parameters. This
initial work was advanced notably in two ways in Kaiser et al. (2002). Firstly, the theory
was extended to the case of continuous speech recognition. Secondly, the MBR, version of
the EBW update equations for continuous density HMMs were derived. This derivation is
in turn based upon the theory presented in Gopalakrishnan et al. (1989).

In Gopalakrishnan et al. (1989), it is shown that, for a criterion R(6) of the form
P(6)/Q(60), where P and @ are polynomials with real coefficients in N variables, 6; say,
where the constraints

e ;>0 (1<i<N)and
o Zi]ileizl

are satisfied, then the following updates of the variables will result in an increase in the
criterion for some positive real number C.

T e

OR(6
020 4 ¢

(5.1.1)

Notice that the negative of the MBR criterion can be expressed as a function of the above
rational form. Further, in the case of HMMs with discrete density output distributions, the
parameters 6; of the output distributions are probabilities, and hence satisfy the constraints
specified above. The parameter update equations of Equation 5.1.1 apply to all the acoustic
parameters of discrete density HMMs: output distributions, mixture weights and transition
probabilities. It is a simple exercise to differentiate the MBR criterion with respect to the
model parameters.

It is additionally noted in Gopalakrishnan et al. (1989) that use of the finite positive C
which guarantees an increase in the criterion for all parameter updates results in imprac-
ticably slow convergence of the criterion to a local maximum. To speed up convergence,
recommendations are provided for setting the constant C' specifically for each set of param-
eters in one probability distribution. Note that use of this technique no longer guarantees
convergence of the criterion. In practice, however, this is not found to be problematic.

Consider the case of HMMs with continuous density Gaussian mixture output distribu-
tions. The parameters of the output distributions (means and covariances) do not satisfy
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the non-negativity and sum-to-one constraints specified above. A technique introduced
in Normandin (1991) is used to handle this issue. It is shown that a continuous Gaus-
sian distribution can be approximated using a discrete distribution with a finite number
of parameters. This is done by partitioning the real line into a finite set of intervals. The
probability associated with an observation x is then defined as the probability of the interval
containing x, as specified by the Gaussian distribution (or zero if x belongs to the upper-
most or lowermost interval of the real line). The update of a continuous-valued parameter,
e.g. a Gaussian mean, can then be expressed in terms of the updated discrete parameters,
in the limit as the interval size tends to zero and the number of intervals tends to infinity.

In Kaiser et al. (2002), this discrete approximation technique is reused to demonstrate
that the MBR reestimation equations for means and covariances of diagonal covariance
Gaussian mixture components are given, respectively, by Equations 5.1.2 and 5.1.3. These
are the EBW update equations for continuous density HMMs in the case of the MBR
criterion.

S Svew K wl10) TG %(ﬂwl ;01" 0)0(r) + Dps
> D wNew K(rwy ) Zt 1 73(t|w1 101 (T)ae) +D

~

Hs =

(5.1.2)

e 2 Duyew K wf18) S vu(thed’ o] 7, 0)(0” (1) + D@ + (u")?)
T S e K0} [0) S st 01, 0) + D

—(@")7?  (5.1.3)
2(4)

In the above equations, fis and 65’ are, respectively, the updated mean and updated

2(4)

variance of the i-th dimension of mixture component s, ps and o5’ are, respectively, the
current mean and current variance of the i-th dimension, ,1&“ and ,ugi) are, respectively,
the i-th dimension of the updated mean and current mean, o:(r) is the acoustic feature
vector of the ¢-th frame of the r-th training example and ng‘) (r) is the i-th dimension of this
vector. The set W is the hypothesis space, Vs (t|w{v , or{(r),ﬁ) is the occupancy of component

s at time ¢ given hypothesis wi' and observatlon sequence 01( " and K (r,wi¥|0) is the
posterior-weighted relative error of hypothesis w1 as defined by Equation 5.1.4.

K (r,w10) = P(w{|o] "), 0)[Lay(r) — L(}""  w])] (5.1.4)
M(r)

Here L(A, B) is the Levenshtein distance between sequences A and B, W is the reference
hypothesis, and L,y (r) is the average error of all hypotheses, given by Equation 5.1.5.

Lav(r)= Y P(w] NoT® oy L@ ™) w) (5.1.5)
wlNew

The value of the learning rate D is the limit of C' (in Equation 5.1.1) as the approximating
interval width (of the discrete approximation to the Gaussian distribution) tends to zero
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and the number of intervals tends to infinity. Note that it is not certain that this limit
exists, and hence the use of the EBW equations may not guarantee a decrease of the MBR
criterion. However, in practice, these equations are found to be useful for iteratively re-
estimating HMM parameters. That is, with an appropriate, empirically-defined choice of
the constant D (as discussed in Section 5.2.3) the re-estimation equations yield a reduction
in the MBR criterion with each iteration. An alternative derivation of the EBW update
equations using a weak sense auxiliary function is explained below.

5.1.2 Weak sense auxiliary function

As explained in Section 3.1.3, when optimising the parameters of HMMs to maximise their
likelihood, the EM algorithm can be deployed. This algorithm iteratively re-estimates the
model parameters via maximisation of an appropriate auxiliary function!. An increase in
the auxiliary function guarantees that the model likelihood does not decrease. Indeed the
EM algorithm will converge to either a local maximum or saddle point of the likelihood
function.

In the case of discriminative estimation of HMM parameters, such useful auxiliary func-
tions have proven elusive. The idea of a weak sense auxiliary function is introduced in
Povey et al. (2003a) and Povey (2003). Let 6 denote the model parameters, 6’ represent the
current model parameters and let R(f) be a criterion we wish to maximise. Then a weak
sense auxiliary function, F'(0|6’), of the criterion R(f) around €’ is a differentiable function
of the parameters 6 such that the gradient of F'(0|0’) at € is the same as the gradient of
R(6) at 0', as described by Equation 5.1.6.

ORO) _ OF(0l6),
a0 ="~ ap "

(5.1.6)

If the function F'(6]0) is a concave function of the model parameters then it may be em-
ployed as an auxiliary function for maximising the criterion in an iterative EM-like algo-
rithm. If a series of parameter updates yield a weak sense auxiliary function with zero
gradient at ', then the criterion must also have zero gradient at #’. If the updates made
to the model parameters between each iteration are sufficiently small and aim to increase
F(0]0"), then this point of zero gradient corresponds to a local maximum or saddle point of
the criterion R(6).

In Povey et al. (2003a), weak sense auxiliary functions are constructed for the CML and
MPE criteria. A smoothing function, designed to introduce concavity to the weak sense
auxiliary function, is added to each of these functions. This smoothing function is equal
to the summation (over every mixture component s) of the log likelihood of the model for
mixture s (mean pg and covariance Cy), given Dy datapoints with mean p/, and covariance
C', (the current parameters). This smoothing function is expressed by Equation 5.1.7, where
the sum is over each mixture component and the log likelihood term is given by Equation

IThis auxiliary function is the expected value of the logarithm of the model likelihood, where the prob-
ability distribution used to calculate the expected value uses the current estimate of the parameters.

47



5. MBR theory and implementation

5.1.8. The symbols 0 and 0’ represent the parameters and current parameters, respectively,
and d is the dimension of the feature space.

Qun(0,8) = S Q(D,, Dyptl, Dy(Cl + popt,") s, ) (5.1.7)

D, _
Q(Ds, Daptly, D(Cl + plpsl, ) e, C) = — = [dlog(27) + logdet C; + tr(C;'C))

_ T T ~— _
+or(C ) — 20 C s + " CF ]
(5.1.8)

Such a smoothing function is globally maximal around the current parameter values and
the configurable parameters D, assume the role of individual learning rates for each mixture
component.

In Povey (2003), it is shown that maximisation of this weak sense auxiliary function
for the MBR criterion results in the EBW update equations 5.1.2 and 5.1.3. The mixture-
specific learning rates Dy replace the constant D in the derivation of Section 5.1.1.

5.1.3 Extended Baum-Welch updates for general functions

The justifications of the EBW update equations described in Section 5.1.1 and 5.1.2 provide
no guarantee that the MBR criterion will decrease with each iteration of parameter re-
estimation. An alternative approach, introduced in Kanevsky (2004), shows that this is
indeed the case provided the constant D is sufficiently large. It is shown that the general
form of the EBW equations results in parameter updates which move the criterion in the
desired direction given a sufficiently large D. This result is applicable not only to the MBR
criterion but also to the CML and MCE criteria. While this work proves the existence of
such a constant D, it does not prescribe a value for this constant.

5.1.4 Auxiliary function for the MBR criterion

One of the objectives of this thesis (Objective 1 of Section 1.5) is to investigate if an auxiliary
function can be specified which both justifies the MBR EBW parameter update equations
and specifies the learning rate used in these equations.

Applying similar arguments to those used in Gunawardana (2001) and later in Axelrod
et al. (2007) in the case of the CML criterion, an auxiliary function for the MBR criterion
can be established and consequently the EBW parameter update equations derived from this
auxiliary function. Importantly, a theoretical value for the learning rate D is prescribed as
a by-product of this theory. For the sake of continuity, the details of this thesis contribution
are deferred to Appendix A. A brief outline of the results is given here.

Let 6 and 0’ be elements of the parameter space describing the means and covariances of
the mixture components in a continuous density HMM. Let S represent the set of possible
hidden Markov model state sequences S associated with the training observation sequences.
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Note that S is the Cartesian product of state sequence spaces S1 X S X ... X Sy X ... X Sp
where S, is the set of state sequences of length equal to the length of the r-th training

observation sequence, T'(r). Here a state sequence slT is the catenation of R sequences,

sip(l)sip(z)...sr{(r)...s?(R), where the index corresponds to the training example index. Let

oY represent the catenation of observation sequences of length corresponding the training
T(1) T(2) T(R)

utterances o] *"'o; 7...0] .

The function Fypr(6,0', D’) is firstly defined by Equation 5.1.9.
Fur (6,6, D) / > f(of 1,016 log f(o] 51,016 dof (5.1.9)
of sTes

Here f(of, s, 6|¢) is defined by Equation 5.1.10 and D’ is defined by Equation 5.1.11,
where d(s{) is a positive real function of the state sequence s{ and € is a positive real.

T
f(01T=31T=9‘9/) = 01 )81 ‘0 Z Z 14 T 01 wl 7'wi\4( g Of(r)ﬂgl (7")79/) + M
=lwNew ¢
(5.1.10)
1
=2 [ 3 wlolsTlopatsT ol =+ 3 plsTd(sT) (51.11)
of sTes sTes

Above Lar (of') is an indicator function, and 67 is the catenation of the observation se-

quences corresponding the training utterances, o?(l)ér{@)...(){(m. The symbol 6{(7“) repre-
M(r

sents the r-th training set observation sequence, w; )
and W is the set of all possible word sequences.

The quantity a(w]’ ,12){‘/[(T), 6?(T), IT(T), ") is defined in Equation 5.1.12.

is the corresponding transcription,

~M(r) ~T(r T(r ~M(r) ~T(r T(r
a(wl, @', 67", 51,0 = L), 0" [pwle] ", 0) — pwls{)]  (5.112)

It is shown in Appendix A.3 that, under the assumption that WV is a finite set, if
0 < € < €1, then the function Fypr(6,6’, D’) is a valid auxiliary function for the MBR
criterion Rypr(6). The quantity € is given by Equation 5.1.13.

dmin szn
RIW||Linax

€1 =

(5.1.13)

The quantity d,,.;, is given by Equation 5.1.14, while L4, and C,,;, are given by Equations
A.3.41 and A.3.42 respectively.

unin = min {d(sT)} (5.1.14)
57 Tes

Using this auxiliary function, it is shown in Section A.5 that use of a mixture component
specific learning rate constant Dy may be used in place of the constant D Equation 5.1.2.
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Using the upper bound upon the quantity ¢, it is shown that any D which satisfies the
inequality of Equation 5.1.15 guarantees that the MBR criterion does not increase after the
EBW parameter update.

R Lmam
Dy > BV Erma 221 s )p(sT) (5.1.15)

/
minp 01 |9 TGSt 1

5.2 Implementation of MBR parameter updates

When using small vocabulary systems it is possible to calculate the statistics required to per-
form the parameter updates specified by Equations 5.1.2 and 5.1.3 without approximation.
However, in the context of large vocabulary continuous speech recognition, a prohibitively
large amount of computation is required to gather these statistics. This is due to the size
of the hypothesis space W. A practical solution to this problem is to approximate the
hypothesis space, and hence the resulting statistics, using an N-best list of the hypotheses
of highest posterior (Kaiser et al. (2002)). In the context of large vocabulary continuous
speech recognition, use of a word lattice (Woodland and Povey (2002)) to represent the
hypothesis space is favoured because it is a more compact representation of such a list. For
this reason, a lattice representation of the hypothesis space is used in the work of this thesis.
The resulting implementation of MBR, criterion optimisation is called lattice-based MBR.

5.2.1 Lattice-based MBR

Lattice-based MBR is introduced in Povey and Woodland (2002). Word lattices which
include temporal alignment information, i.e. word start and end times, are used, and
the lattice encodes the alignments of the acoustic data of highest posterior (Young et al.
(2003)). A lattice is generated via a recognition pass of a speech utterance. Additionally, the
alignments of the correct word sequence of highest posterior, generated using a constrained
recognition pass, are added to the lattice produced by recognition. The resulting lattice
represents a set of alternative word-level alignments of the acoustic data associated with an
utterance.

The idea behind lattice-based MBR is not only to use the lattice as an approximation
to the hypothesis space, but also to use the alignment information which is present in the
lattice to save computation. Note that Equation 5.1.2 can be re-phrased as a sum over all
possible alignments of the acoustic data as in Equation 5.2.1.

YR S K 20) Y %(tlz ol ") 6)o;(r) + Dpss
o T(r
ZTI’%:l ZZEZT (T 2’9) Zt 1 ’YS(t’Z701( )70) +D

(5.2.1)

The set Z,. comprises all possible alignments of the utterance of(r) and K(r,z|0) is given
by Equation 5.2.2.

K(r,2]6) = P(2[0] ™, 0) [Lay (r) — L(}"")  w.)] (5.2.2)
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In the above equation, w, is the hypothesis associated with alignment z. Notice also that
the average error L,y (r) may also be expressed as a sum over alignments as in Equation
5.2.3.

Lav(r) = Y P(zlo] ", 0)L(0}" ", w.). (5.2.3)

z2EZ,

Substituting the set of all possible alignments Z, with the set of alignments specified by the
lattice, Equation 5.2.1 yields a practical approximation to the MBR mean update. Further,
since an alignment is a sequence of lattice arcs, Equation 5.2.1 can be expressed in terms
of lattice arcs as in Equation 5.2.4.

T Yea, K(rald) St vu(tla 07", 8)ou(r) + Dy
Zil > aca, K(r,alf) gond — ~ (t]a, or{(r),ﬁ) +D

t=astart

(5.2.4)

The symbol a represents a lattice arc which in turn represents a word, its start time agtart
and end time agnq. The set A, contains all arcs in the lattice and K (r, a|f) is expressed by
Equation 5.2.5.

K(r,al8) = p(alol ™, 6)[Lay (r) — L"), a)] (5.2.5)

In the above equation, p(a\oip(r), 0) is the posterior probability that arc a is included in any
path, i.e. any contiguous sequence of arcs from the lattice start node to the lattice end
node. The quantity L(w{”(”, a) is the posterior-weighted sum of the Levenshtein error of
all the lattice paths which include arc a, while L, (r) is the posterior-weighted sum of the
Levenshtein error of all the lattice paths.

Calculation of the Levenshtein distance between a path in the lattice and the reference
CM(r) .. . . . .
word sequence w; is non-trivial. This involves a dynamic programming alignment of the
word sequence associated with the path and the reference word sequence. Since a lattice
encodes many such paths, calculation of the quantities L(u?iw(r),a) and Lgy(r) becomes
computationally expensive. Chapter 6 details techniques used to avoid such costly compu-
tation by approximating the Levenshtein distance between a lattice path and the reference
transcription. These approximations assign an error I(a) to each lattice arc a such that the
overall error of each path is the sum of the errors associated with its composite arcs.

It should be noted that while this section has discussed only the approximations used in
lattice-based MBR with regard to the mean update, identical approximations are used to
implement the covariance update. There now follows an explanation of how the quantities

vs(tla, oflp(r), 0) and K(r,a|) of Equation 5.2.4 are calculated for each arc a.

5.2.2 Forward-backward algorithms

The mixture component occupancies 73(t|a,0?(r),0) of Equation 5.2.4 are calculated via

a forward-backward pass over the models defined by each lattice arc a using the segment
of acoustic data aligned with arc a. This is a standard forward-backward procedure, as
implemented in the Baum-Welch algorithm described in Section 3.1.3. In order to calculate
the quantities K (r,a|f) for each arc a, a single lattice-level forward-backward pass suffices
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when an error [(a) is assigned to each lattice arc as described above. This forward-backward
algorithm is introduced in Povey (2003) and detailed in Algorithm 1.

5.2.3 Learning rate D

The choice of an appropriate learning rate D in Equations 5.1.2 and 5.1.3 has mainly been
studied in the context of the CML discriminative criterion. The successful policies for
choosing D in the case of the CML criterion have been adopted for use in the MBR update
equations. These approaches are summarised in this section.

A practical approach to the problem is taken in Valtchev et al. (1997), where D is
twice the the minimum value which ensures that all variances are positive after the EBW
variance update. This is possible by solving a quadratic equation in D for each Gaussian
component and each dimension within that component. The value of D is subsequently
set to a non-negative value which is at least twice the value which guarantees a positive
variance update for each component and each dimension. It is noted, however, that use
of this global learning rate leads to slow convergence of the criterion and an HMM-specific
D (twice the minimum value which ensures a positive variance over all dimensions and
components within the HMM) is shown to increase the rate of convergence.

In Povey (2003), each mixture component s is assigned its own learning rate Ds. Firstly
the quantity D™ is calculated, the value which guarantees a positive variance update for
each dimension of component s. Furthermore a dependency upon the CML denominator
occupancy (i.e. Zw{\’ew Zle EtT:(? 73(t|of(r),w{\f,9)), yden say, of component s is intro-
duced as follows. For each mixture component s, D, is set to max{2D™" Fydenl where
F is an additional constant.

This occupancy-dependent scheme for determining the learning rate in the case of CML
training is adopted for MBR, training in Povey (2003). The procedure is as follows. For
each mixture component s:

1. Calculate D™ the minimum D required to ensure all variance updates are positive
for component s.

2. Setyden = 3 S aen K(r,al0) e 7s(tla, 0?(T), 6) where A% denotes the sub-
set of lattice arcs in the set of all lattice arcs A, for which K (r,a|f) is negative. The
symbols agtart and aeng denote the start and end time of arc a, respectively.

3. Set the learning rate D, to max{2D™", Ey%"} where E is a configurable constant
which typically assumes a value in the interval [1,2].

Since it has been shown to yield reasonably quick convergence of the MBR criterion, the
above procedure is used to calculate the learning rate in the experimental work of this
thesis. This concludes the discussion of the optimisation of the MBR criterion. Techniques
used to improve the generalisation of MBR-estimated acoustic models are now discussed in
Sections 5.2.4 and 5.2.5.
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Algorithm 1 Lattice forward-backward

Let k index a partial ordering of the N arcs a(k) in a lattice. This means that for any
arc a(k) and any i > 0, a(k +4) does not appear before a(k) in any left-to-right path in

the lattice.

The sets pred(k) and foll(k) comprise, respectively, the immediate predecessor arcs of
a(k) and the immediately following arcs of a(k). N denotes the arcs linked to the lattice

start node.

(k) is the error assigned to arc a(k) and wy is the word associated with arc a(k).

sk and ey are, respectively, the start and end frames of arc a(k).

ogk(r) represents the segment of acoustic data aligned to arc a(k) and p(ogk(r), wy|6) is

Sk

the joint acoustic and language model probability of arc a(k).

# Forward pass
for k =1to N do
if a(k) is linked to the lattice start node then
ay = p(of (r), wy|0)
aj, = U(k)
else
Q= p(og’; (r), wx|6) Zaépred(k) Qa
ol = 1(k) + 2 acpred(k) ¥al

acpred(k) a
end if

end for

# Backward pass
for k=N to1do
if a(k) is linked to the lattice end node then

Br=1
B, =0
else

Bk = D acton(r) P05 (1), wal6)Ba
8 = 2 actoli(k) Ba(Ba+1(a))
k 2 actoll(k) Ba
end if
end for

wen Ba(BL+(a
Laslr) = Easigfellit)

Tr = ZaeNp(OZZ (T)a wale)ﬂa

for all arcs a do
plalo; "), 0) = 2o 53

L@ a) = o, + 3,
end for
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5.2.4 I-smoothing

Model parameters which optimise the MBR criterion often overfit the training data. The
I-smoothing technique (Povey and Woodland (2002), Povey (2003)) is used to smooth the
MBR criterion and alleviate this undesirable overfitting. In the case of the MBR criterion,
a prior probability logp(f) over the acoustic parameters is subtracted from the criterion
function. The smoothed MBR criterion Rl‘\q/IBR(H) is given by Equation 5.2.6 (c.f. Equation
3.2.14).

R
1 T M
Ripn(0) = > > Pllof ™. 0)Lw!,a"™) ~logp(0)  (5.2.6)
r=1 w{\r ew
The prior distribution p(f) is a product of joint prior distributions over the mean and
covariance of each mixture component s in the system as expressed by Equation 5.2.7.

logp(6) = _ log p(ps, Cs) (5.2.7)

The joint prior of the mean pg and covariance C; is defined using the model likelihood,
given 7! data points of mean 1, and covariance C,, (to be defined shortly). The model has
mean pg and covariance Cg, and the likelihood is defined by Equation 5.2.8.

logp(l'l’& CS) = Q( 17 TII"’pu TI(CP + l"pl";;—)‘ﬂ& CS) + k (528)

Here k is a normalisation term which ensures the probability distribution sums to one.
The quantity @ is the log likelihood of the models given the data points, as expressed by
Equation 5.1.8 in the general case, and by Equation 5.2.9 in the case of diagonal covariance
matrices.

I d
T .
QU 7 by, 7 (Cp + pppay s, Cs) = = | > log(2703)
=1
= (o ) = 2l +
+ 20)
i=1 Os

(5.2.9)

In Equation 5.2.9, d is the number of dimensions of the acoustic feature vector and 7 indexes
each dimension. The term 7! affects the narrowness of the resulting prior distribution. High
71 values reflect high confidence in the prior parameters. The family of prior distributions
for I-smoothing differs from the family defined in Gauvain and Lee (1994) in the case of
MAP parameter estimation. However use of the I-smoothing prior leads to a straightforward
refinement to the EBW update equations.

When using I-smoothing, the maximum likelihood estimate of the means and covariances
are used to define the mode of the prior distribution i.e. the mean u, and covariance C, are
defined as the ML estimates of the the mean and covariance respectively. Thus Equation
5.2.10 holds.

! !
log p(ps, Cs) = Q(r1, 71 o:" ! I lps, Cs) + k (5.2.10)
9y ) fy;nl7 gnl )
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The quantities 7] mi Oml and I‘ml are given by Equations 5.2.11, 5.2.12 and 5.2.13 respec-
tively.

ZZ% tl o7 g) (5.2.11)

r=1 t=1
R T(r)
07 =3 y(tliy" 01", 0)oy(r) (5.2.12)
r=1 t=1
R T(r)
T =3 i thin™™ 01, 6)or(r)or(r)T (5.2.13)
r=1 t=1

The I-smoothed MBR criterion (Equation 5.2.6) is optimised using a weak sense auxiliary
function in Povey (2003). It is shown that, using the prior defined above, the adjusted
EBW formulae shown in Equations 5.2.14 and 5.2.15 (in the case of diagonal covariances)
can be used to optimise the I-smoothed MBR criterion.

T(r T(r T am
S S urew K w) |0) S st o], 0)ou(r) + L0 + D
fis = : (5.2.14)

s T(r
S S wvew K w|0) S vt 01 7, 0) + 71 + D

520)
r r i I ~ml(i i i
S S K wl 10) L el 01, 0) (0)2 + 25T 4 (o 4 (u)?)
T T
PO Ywnew K(r,wi'|0) S (w0 ( L0)+ 77+ D

—(p)? (5.2.15)

In Equation 5.2.15 the superscript (i) denotes the dimension. The I-smoothing technique
is used in the experimental work of Chapters 6 and 7.

5.2.5 Acoustic scaling and language model specificity

Due to the assumptions of HMM acoustic models (see Section 2.3), the dynamic range of
acoustic model probabilities is typically much larger than that of LM probabilities. When
combining acoustic and LM probabilities, for example during the Viterbi search algorithm
(see Section 2.5), this mismatch is usually addressed by scaling the logarithm of the LM
probabilities by an appropriate factor, known as the LM scaling factor. This method is
known as LM scaling. An alternative to LM scaling is to scale acoustic model probabilities
by the inverse of the LM scaling factor. In the case of the Viterbi algorithm, both techniques
are equivalent, i.e. the state sequence of maximal posterior probability is independent of
the scaling method used. However it has been noted (Woodland and Povey (2002)) that
use of LM scaling for the purposes of calculation of the posterior probabilities of a set
of state sequences results in a posterior probability distribution which is sharply-peaked
at the state sequence of maximal posterior probability. When using acoustic scaling, this
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5. MBR theory and implementation

posterior probability distribution is broader (i.e. competing state sequences have larger
posterior probabilities). It has additionally been observed (Woodland and Povey (2002))
that use of acoustic scaling leads to improved generalisation of discriminatively-estimated
acoustic models.

Similarly, the use of lower-order LMs during training, for example a zerogram or uni-
gram, is another method of generating stronger (i.e. of higher posterior probability) compet-
ing hypotheses. An investigation into the relationship between LM usage and discriminative
training is conducted in Schluter et al. (1999). It is concluded that use of a unigram LM
during training generally yields acoustic models which generalise better than those esti-
mated using LMs of lower or higher order. Acoustic scaling and unigram LMs are deployed
in the experimental work of Chapters 6 and 7.

5.3 Minimum Bayes risk linear regression

In the case of MBR linear regression, the re-estimation equations for both the mean and
diagonal variance transforms are derived in Wang and Woodland (2004) using a weak sense
auxiliary function. Assuming that the HMM state output distributions are Gaussian mix-
tures modelled with diagonal covariances, the i-th row of the mean transform W of mixture
component s for a particular speaker is given by Equation 5.3.1.

WO = G{jrkibn (5.3.1)
The matrix G&)BR and the vector kl(\?BR are defined by Equations 5.3.2 and 5.3.3 respec-
tively.

i 1
Gl(\/I)BR = Z 2(i) (’Ynl\{bIBR + Dm)EmE;!; (532)
meR(s) Fm
i 1 i i
kl(\/I)BR = Z 520 (ONBRO) 1 D, e, (5.3.3)
meR(s) ~ M

In Equations 5.3.2 and 5.3.3, R(s) is the regression class containing component s, D,, is the

learning rate discussed in Section 5.2.3, u%) is the i-th dimension of the mean of component
2(1)

+ is the variance of the i-th dimension

m, &, is the extended mean vector [ 1 p 1T, o

of component m, YMBR is described by Equation 5.3.4 and GMBR(i) is given by Equation
5.3.5.
R T(r) .
=30 0 K w10) Y m(thl of ", 0) (5.3.4)
r=1 w{VEW t=1
' R T(r) T .
RO =3 37 K wl1) Y mltlel o, )0 (r) (5.3.5)
r=1yNew t=1

As beforehand, W is the hypothesis space, the i-th dimension of the ¢-th frame of the r-th
training utterance is denoted by ogl) (r) and K (r,w}|#) is described by Equation 5.1.4.
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5. MBR theory and implementation

By comparing Equations 5.3.3, 5.3.4 and 5.3.5 with Equation 5.1.2 it is clear that the

statistics necessary for MBRLR transform estimation, namely the quantities HMBR(i) and

AMBR | coincide with those necessary for the EBW mean update. Therefore the lattice-based
MBR implementation described in Section 5.2.1 is reused to estimate these statistics for
each mixture component m. Additionally, the same policy for determining the learning
rate D,, in the case of the EBW updates (Section 5.2.3) is adopted for the purpose of
MBRLR transform estimation. Since this is a successful approach to MBRLR transform
estimation (Wang and Woodland (2004)), it is the approach used in the experimental work
of Chapter 8. Since this experimental work also uses I-smoothing and complexity control,

these methods and now explained in the context of MBRLR adaptation.

5.3.1 I-smoothing for MBR linear regression

To address the issue of overfitting the adaptation data, a version of the I-smoothing regular-
isation technique, previously introduced Section 5.2.4 in the context of MBR, acoustic model
estimation, has also been applied to MBR-based acoustic model adaptation in Wang and
Woodland (2008). A prior upon the transform W is proposed, as described by Equation
5.3.6.

R T(r)
logp(W) = % Z Z Z ’ym(t]wiw(r),o?(r), 0)(0s(r) — W&n) T C - oy (r) — WE,) + k
meR(s) r=1 t=1
(5.3.6)
The quantity ’ym(t\w{w(r),of(r),ﬁ) is the occupancy of component m at time t given the
data oflp(r) and the correct transcription w{”(’“) and k is a normalisation term used to ensure
the prior probability distribution sums to one. Note that this prior is formulated for each
regression class R(s) and is globally maximal at the maximum likelihood estimate of the
transform W.
The prior probability described by Equation 5.3.6 is used in the experiments involving

I-smoothed MBRLR adaptation in Chapter 8.

5.3.2 Complexity control and MBRLR adaptation

Complexity control using regression class trees has been introduced in the case of MLLR
transform estimation in Section 4.3.2. In the experimental work of Chapter 8, the MBRLR
transform estimation procedure adopts the same complexity control mechanism. To this
end, the overall occupancies of each mixture component are accumulated in an initial pass,
prior to accumulation of the statistics required for MBRLR transform estimation. These
statistics are subsequently input to the MBRLR adaptation procedure to control the amount
and type of MBRLR transforms estimated. Note that this ensures a fair comparison between
MLLR and MBRLR since the number of transforms are identical in each case.
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5. MBR theory and implementation

5.4 Summary

This chapter has presented the theory of MBR acoustic parameter estimation and adapta-
tion. The theoretical justifications of the extended Baum-Welch parameter update equa-
tions have been reviewed. An auxiliary function for the MBR criterion has been introduced,
leading to a novel derivation of the EBW update equations and a theoretical value of the
learning rate D.

The lattice-based techniques deployed to capture the statistics used in the EBW update
equations have been detailed and the approximations used in the context of large vocab-
ulary continuous speech recognition have been explained. The empirical techniques used
to set the learning rate have been presented, the I-smoothing regularisation technique has
been introduced, and the use of acoustic scaling and lower-order language models has been
motivated. This provides a basis for the discussion of Chapters 6 and 7.

With regard to MBR linear regression, the theory of MBR-based transform estimation
has been presented. It has been shown that the lattice-based techniques used for implemen-
tation of the EBW update equations can be reused to capture the necessary statistics for
MBRLR transform estimation. The theory and implementation details of MBRLR adapta-
tion, including I-smoothing and complexity control, have been presented. This provides a
basis for the confidence-driven refinement to MBRLR acoustic model adaptation discussed
in Chapter 8.
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Chapter 6

MBR error approximation

Chapter 5 discussed two approximations deployed when using the MBR criterion to estimate
the acoustic model of a large vocabulary continuous ASR system. Firstly, the hypothesis
space is approximated by the set of alignments specified by a word lattice. The impact of
this approximation is measured experimentally in Povey (2003) where the effect of using
lattices of different densities® is reported. Secondly, as explained in Section 5.2.1, the error
associated with each lattice path is approximated. This chapter concentrates upon this
second approximation and pursues Objective 2 of the thesis, as specified in Section 1.5.

The chapter is structured as follows. Section 6.1 describes previously introduced ap-
proaches to error approximation. The limitations of one of these published techniques, an
alignment-based approach, referred to as the baseline approximate error, are explained in
Section 6.2. Alternative alignment-based approximations are proposed in Section 6.3. These
constitute a novel contribution of this thesis. The accuracy of these new approximations is
compared to the accuracy of the baseline approximate error in Section 6.4. The effect of the
alternative approximations upon MBR parameter re-estimation is experimentally measured
in Section 6.5. A concluding discussion and propositions for future research are found in
Section 6.6.

6.1 Levenshtein distance approximation

Recall from Section 5.2.1 that calculation of the Levenshtein distance between every path in
the word lattice and the reference label sequence involves an impracticably large amount of
computation. This is due to the need for a dynamic programming alignment of the reference
label sequence and every label sequence present in the lattice. Two types of approximations
are used to avoid the need for a dynamic programming alignment of each label sequence in
the lattice to the reference label sequence. The first approximation will be referred to as
lattice segmentation and is explained in Section 6.1.1. The second type of approximation,
explained in Section 6.1.2, will be referred to as alignment-based error approximation. The

Lattice density is defined as the ratio of the total number of lattice arcs to the length (in seconds) of
the utterance from which the lattice is derived.

99



6. MBR error approximation

latter approximation is the focus of this chapter.

6.1.1 Lattice segmentation

Lattice segmentation techniques manipulate a lattice such that each label sequence wi’

present in the lattice is segmented into a sequence of K subsequences wglwg2...wik where
each subsequence wg! is of length zero or more labels. Additionally the reference label
sequence 1 is segmented into a sequence of K subsequences welwg2... gk of length zero
or one labels. Zero-length placeholders are used to manage insertions and deletions present
in lattice label sequences.

The subsequences in corresponding positions ¢ in the segmentation, wg’ and wg’, are
then associated with each other and the approximate Levenshtein distance Lapprox(w?, @)
between label sequences wi¥ and @M is defined as the sum of the Levenshtein distances

between each corresponding subsequence pair, as expressed by Equation 6.1.1.

€4
S5

K
Lapprox(wi', ") = ZL(wgg,wgg) (6.1.1)
i=1

Since the reference subsequences wgi correspond to a maximum of one label, it is inex-
pensive to calculate the subsequence-level Levenshtein distances L(wg,ws!) and hence the
calculation of the overall approximate Levenshtein distance is likewise computationally in-
expensive.

The lattice segmentation process is illustrated in Figure 6.1. Here each label sequence
in the original lattice is split into four subsequences, likewise the reference label sequence.
Note that the deletion present in the sequence ‘INTEREST ON TIMES’ is represented by
the zero-length placeholder ‘NULLWORD’.

This lattice manipulation technique was introduced with regard to MBR parameter
estimation in Doumpiotis and Byrne (2004) and Doumpiotis and Byrne (2005). More
details of the lattice segmentation algorithm, introduced with application to MBR-based
speech decoding, are found in Goel et al. (2004).

6.1.2 Alignment-based error approximation

An alternative method is used to approximate the error of a label sequence in Povey (2003).
This approximation is performed via an approximation of the accuracy of the sequence. The
accuracy of a label sequence is defined as the number of correct labels minus the number of
inserted labels in the sequence.

The accuracy approximation technique uses alignment information from the reference
and hypothesis transcriptions as shown in Figure 6.2. A path in a lattice defines what
will be referred to as a hypothesis alignment. The most likely alignment of the reference
transcription is called the reference alignment. Using the hypothesis and reference align-
ments, the accuracy of the hypothesis label sequence is approximated using the following
procedure.
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BEST
THE OF
ORIGINAL | THE REST TIMES
LATTICE 1
ON ﬁ
INTEREST
REFERENCE | | | 1 |
L ABELS . THE BEST OF TIMES
THE BEST OF
SEGMENTED
LATTICE
INTEREST
NULLWORD

Figure 6.1: Lattice segmentation. Fach arc in the original lattice is associated with a label
of the reference transcription. Null word placeholders are used to manage insertion and
deletion errors. Error calculation uses the segmented lattice to avoid the need for a dynamic
programming alignment of every lattice path and hence to reduce computational cost.
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Reference ’ ‘ ‘

Hypothesis ’ ‘ c ‘

‘ ‘ : ‘

Length (frames) 80 " 20! 100

Overlap proportion e(q,z) 3 0.8 3 0.23 1.0 3
{ correct: 2e(q,z) - 1} i 06 i —0.83 00 3
incorrect: e(q,z) - 1 | 1 1 |
A(q) (max of overlapping) 3 0.6 i 0.0 3
Approximate accuracy 3 0.6 3
Approximate error 3 14 i
Levenshtein error 3 1 3

Figure 6.2: Alignment-based error approximation. Detailed in Section 6.1.2.

For each label ¢ in the hypothesis alignment, the set of reference labels which overlap
temporally with ¢ is identified. Then, for each overlapping reference label z, the proportion
of z which overlaps with ¢, e(q, z), is calculated. Then the accuracy of ¢, A(q), is given by
Equation 6.1.2. The overall accuracy of the hypothesis is equal to the sum of the accuracies
of the comprising labels.

—1+42e(q,z) if ¢ and z are the same label
A(q) = max (@.2) ifq (6.1.2)
z —1+4+e(q,z) if g and z different

In the case of the hypothesis in Figure 6.2 the approximated overall accuracy of the
hypothesis is 0.6. The actual accuracy is 1; the number of correct labels (1) minus the
number of insertions (0).

The Levenshtein distance between the reference sequence 1w/ and hypothesis sequence
w{v is related to the accuracy of w{v , A(QI){V[ , w{v ), via Equation 6.1.3, where M is the number
of labels in the reference sequence. This relationship is reused to derive the approximate
error Lapprox(w{W ,w{v ) from the approximate accuracy, Aapprox(w{W ,w{v ) say as shown in
Equation 6.1.4. This alignment-based error approximation will be referred to as the baseline

approximate error.

L', w) = M — A}, w)) (6.1.3)
Lapprox(w{v[’ w{V) =M — Aapprox(w{\/[a w{V) (6.1.4)

The baseline approximate error, like the one proposed in Doumpiotis and Byrne (2004),
is desirable because it circumvents the need for a dynamic programming step for each lattice
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path. However this error approximation has some limitations. Section 6.2 highlights several
theoretical disadvantages of the approximated error and Section 6.3 proposes alternative
approaches to address some of these limitations. Note that the error approximation tech-
niques detailed here and elsewhere in this chapter may be applied to sequences of words,
phonemes or labels of other speech units.

6.2 Limitations of baseline approximate error

6.2.1 Error overestimation

The baseline approximate error, described in Section 6.1, often overestimates the error of
the hypothesis label sequence. This error overestimation occurs when the label alignment
times of the hypothesis and reference alignments are not identical. Figure 6.2 shows how
this overestimation arises. In the example illustrated the Levenshtein error is 1, a single
substitution. However the approximate error, 1.4, is larger than the actual error because
the end time of the first labels of the reference and hypothesis disagree.

6.2.2 Asymmetry

Figure 6.3 shows the baseline approximate error calculation when the reference and hy-
pothesis alignments of Figure 6.2 are swapped. The approximate error is smaller due to
the correct label of the hypothesis sequence overlapping with a larger portion of the refer-
ence label in this case. This example illustrates an asymmetry in the error approximation.
This asymmetry is not present in the Levenshtein error metric, and is therefore difficult
to motivate in an approximation to the Levenshtein metric. Since the Levenshtein error is
symmetric, it is preferable for an approximation to retain this property.

6.2.3 Insertion to deletion bias

The asymmetry of the baseline approximate error is the source of an undesirable bias
with regard to the approximation of insertion and deletion errors. Figure 6.4 shows the
approximate error when an insertion error occurs while Figure 6.5 displays the approximate
error when the scenario is reversed and a deletion error occurs. In both cases the Levenshtein
error is 1, a single insertion or deletion. Note however that the approximate error is larger
in the case of the insertion error. This example illustrates a bias in the error approximation
resulting in a larger error being assigned to the sequence with an insertion.

6.3 Alternative error approximations

The asymmetries discussed in Section 6.2 can be addressed by using an error approximation
called the frame error. The frame error between two aligned label sequences is the number
of frames at which the labels in the alignments differ, as shown in Figure 6.6. It is clear
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Reference ’ ‘ C ‘
Hypothesis ’ ‘ B ‘
| I I !
Length (frames) 1 80 L 20 100 |
| | |

|
Overlap proportion e(q,z) 1 1.0 | 0.17! 0.83 |
|
correct: 2e(q,z) - 1 1 10 | 0 84% 017 !

| . 1—=0. -0.
incorrect: e(q,z) - 1 | | 1 l
|
A(qg) (max of overlapping) 3 1.0 3 -0.17 }
| |
Approximate accuracy ! 0.83 l
|
Approximate error 3 1.17 }
Levenshtein error 3 1 |

Figure 6.3: Asymmetry of alignment-based error approximation. The reference and hypoth-
esis label sequences of Figure 6.2 are swapped, resulting in a different approximate error.

that this measure is symmetric since the frame error between two alignments is identical
regardless of which alignment is the reference.

One limitation of the frame error approximation is that an incorrect label which spans a
long period of time contributes more to the overall error than an incorrect label which spans
a shorter period. A second limitation is illustrated in Figure 6.7, which shows a hypothesis
containing an insertion error. However, since the inserted label agrees with the reference
label in the region of overlap, no error is incurred when using the frame error metric and the
error and the insertion error is overlooked. The first of these limitations can be addressed
via a normalisation scheme. The following section describes several such schemes.

6.3.1 Frame error normalisation

Figures 6.8 and 6.9 illustrate some different approaches to the normalisation of the frame
error. Firstly the temporal region of each label of the hypothesis alignment is divided into
segments corresponding to regions of overlap with different labels of the reference alignment.
For example, in Figure 6.9 the label C is split into two segments, the first being associated
with the label A of the reference alignment and the second associated with label B. The
segment boundaries are illustrated by vertical dashed lines in Figures 6.8 and 6.9. Each
segment has a corresponding frame error; the number of frames within the segment at which
the hypothesis label differs from the label specified by the reference alignment. Then for
each segment a normalisation factor is defined. The frame error for each segment is divided
by this factor to yield a normalised frame error for each segment. The overall approximate
error for the hypothesis is the sum of the normalised frame error over all segments.
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Reference ’ A ‘ B ‘

Hypothesis ‘ A ‘ C ‘ B ‘

‘ ‘ x ‘ ‘

Length (frames) ! 80 201 20 80
Overlap proportion e(q,z) i 0.8 i 0.2% 0.2 3 0.8 i
{ correct: 2e(q,2) —} i 06 i —0.8? os 06 i
incorrect: e(q,z) - : ! | i |
A(q) (max of overlapping) 3 0.6 3 -0.8 l 0.6 3
Approximate accuracy i 0.4 i
Approximate error 3 1.6 3
Levenshtein error i 1 i

Figure 6.4: Approximate error in case of insertion. Compare with Figure 6.5 which shows
the approximate error in the case of a deletion.

The reference normalised frame error (RNFE) of Figures 6.8 and 6.9 is the result of
defining the normalisation factor for a segment as the length (in frames) of the overlapping
reference label. In the example of Figure 6.8, a deletion error, the normalisation factor is
40 for each of the segments corresponding to the label C' of the reference transcription, the
length of the reference label corresponding to these segments. This leads to an accurate
approximation to the Levenshtein error of 1 in this case. However in the example of Figure
6.9, an insertion error, this normalisation method yields an underestimate (0.4) of the Lev-
enshtein error. This is because the segments corresponding to the label C' of the hypothesis
transcription are normalised by 100, the length of the reference label corresponding to these
segments.

The hypothesis normalised frame error (HNFE) defines the normalisation factor as the
length of the overlapping hypothesis label. This method leads to accurate approximation
of the insertion error of Figure 6.9 but an underestimate of the deletion error of Figure 6.8.

The third normalisation technique is to normalise the frame error of each segment by the
length of the shorter of the overlapping labels. This method leads to an error approximation
with the desirable symmetric property and yields accurate approximations for the deletion
and insertion errors illustrated in Figures 6.8 and 6.9. This approximation is referred to as
the symmetrically normalised frame error (SNFE).

These approximations to the Levenshtein error are expressed by Equation 6.3.1. The
approximate error between hypothesis label sequence w{v and reference label sequence W is
denoted by Lappmx(w{\f , w{” ), A represents the set of aligned reference labels corresponding

to sequence w{” , A is the set of aligned hypothesis labels corresponding to sequence w{v ,
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Reference ’ A ‘ C ‘ B ‘
Hypothesis ‘ A ‘ B ‘
I T T | 1
Length (frames) | 80 1 20, 20 1 80 |

|
| | | | |
Overlap proportion e(q,z) | 1.0 1 0.5, 05 | 1.0 |
| | | | |
{ correct: 2e(q,2) —} 3 o 3 . 53 . 53 o 3
incorrect: e(q,z) — i ' i . i 1 . i
A(q) (max of overlapping) 3 1.0 3 1.0 3
Approximate accuracy i 2.0 i
Approximate error 3 1.0 3
Levenshtein error i 1 i

Figure 6.5: Approzimate error in case of deletion. The reference and hypothesis of Figure
6.4 have been swapped. A smaller approximate error is yielded in this case.

and [(a,a) is the normalised frame error between the aligned labels a and a.
Lapprox(wi ,01") = > > "l(a,a) (6.3.1)
The normalised frame error between two aligned labels I(a, @) is defined by Equation 6.3.2.

l(a,a) = Z((Z ‘;)) (6.3.2)

The quantity e(a,a) is the number of frames at which the aligned labels a and a differ
(defined as zero if no temporal overlap exists between the aligned labels). The divisor
n(a,a) is the normalisation term, defined as:

e the length of @ in the case of the reference normalised frame error.
e the length of a in the case of the hypothesis normalised frame error.
e the length of the shorter of a and a in the case of the symmetrically normalised frame
error.
6.3.2 Using multiple reference alignments
The SNFE described in Section 6.3.1 addresses the asymmetry of the baseline approximate

error. However the error overestimation limitation, illustrated in Figure 6.2, applies also
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Reference ’ A ‘ B ‘
Hypothesis ‘ A ‘ C ‘ B ‘
I T T | 1
Length (frames) | 80 1 20, 20 1 80 |
|
| | | |
Frame error | 0 1 20, 20 | 0 |
| |
Overall frame error | 40 |

Figure 6.6: Frame error metric. The number of frames at which the aligned reference and
hypothesis labels differ.

Hypothesis A ‘ A ‘ B

Reference ’ A ‘ B ‘
| |
Overall frame error 3 3

Figure 6.7: Frame error metric fails to capture insertion error.

to the SNFE. This overestimation is a consequence of differing alignment times in the
hypothesis and reference label sequences. This effect may be limited by using not only one,
but multiple alignments of the reference label sequence and minimising the approximate
error over this set of reference alignments. This set of multiple alignments is generated
using a recogniser constrained to align only the reference word sequence.

Figure 6.10 illustrates this calculation. Two reference alignments and a single hypothesis
alignment are shown. The SNFE of the hypothesis sequence is calculated with respect
to each of the reference alignments to give a set of errors. The minimal symmetrically
normalised frame error (MSNFE) is the minimum value in this set. In the example of
Figure 6.10 the SNFE with respect to Referencel is 1.4 and the SNFE with respect to
Reference? is 1.5. Therefore the MSNFE is 1.4.

In practice a large amount of reference alignments are encoded by a reference lattice.
It is therefore impractical to enumerate this set of alignments and explicitly calculate the
hypothesis error wit